
Today Artificial Intelligence (AI) is deeply embedded in everyday life, 
both at the personal and professional level. More than ever, there is a 
fundamental need to go beyond the hype and offer a nuanced reflection 
on AI’s possibilities and limitations—and on how these technologies 
affect us in the social, cultural, and political contexts we live in. The 
most urgent challenges concern questions of human agency, creativity, 
and responsibility, spanning domains from science to society, politics, 
and the arts. Addressing these challenges requires a novel, humanities-
based perspective that complements a technological understanding 
with foundational inquiries into what it means to be human and how we 
generate meaning.

This timely collection provides an interdisciplinary introduction to these 
questions, bringing together history, philosophy, ethics, linguistics, 
science and technology studies, media studies, as well as music and 
literature. The authors demonstrate that the humanities are not only 
challenged by AI but provide indispensable tools for understanding 
and reflecting our stance on it. Readers will thus gain both a broad 
methodological grounding but also nuanced insight into concrete cases, 
leaving them better informed and aware that their own perspective on 
AI is not only valid, but indispensable. The hype surrounding AI thrives 
on the assumption that its trajectory is already written. This book is an 
invitation to question that assumption—and to imagine otherwise.

“This is a timely and welcome contribution. It does not promise 
answers—which is appropriate, as many answers do not yet 
exist—but instead offers a grounded and open way into the study 
of AI technology from a humanities perspective. I wholeheartedly 
recommend this book to anybody somehow interested in or 
affected by this societal development; which is to say everybody.”

– Inga Strümke, Associate Professor,  
Department of Computer Science, NTNU
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Preface
Inga Strümke

Artificial intelligence, especially generative and various agentic forms, present 
potentially disruptive challenges and opportunities to all fields. However, this 
book manages to provide a constructive approach in a critical and stimulat-
ing way: it treats AI as a constructive disruption that challenges us to rethink 
and clearly articulate a perspective that complements existing approaches. The 
texts approach AI technology not as an alien phenomenon, but as one that 
can be studied, understood, taught, and questioned within the humanities. 
It thus presents AI technology as an occasion to participate in the production 
of meaning. 

A particular strength of the book is the wide range of humanistic perspec-
tives it brings together, owing to the authors’ interdisciplinary backgrounds. 
The book does not aim to settle on a single framework, but illuminates gen-
eral aspects of AI technology and its use. It treats the technological dimen-
sion of understanding with respect, while also making clear that no technical 
description is complete on its own. For readers with a computer science back-
ground, the humanities perspectives offered here may feel unfamiliar, but 
only at first glance. Readers from all fields are likely to gain valuable insights, 
as this book provides clear ways of thinking about AI that complement 
technical approaches.

This is a timely and welcome contribution. It does not promise answers—
which is appropriate, as many answers do not yet exist—but instead offers a 
grounded and open route into the study of AI technology from a range of 
perspectives within the humanities. I wholeheartedly recommend this book 
to anybody interested in or affected by this societal development; which is to 
say, everybody.

https://doi.org/10.18261/9788294167234-26-00
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1. Beyond the Hype: Humanities 
Perspectives on AI
Miriam Kyselo, Lukas R.A. Wilde, Thomas Brandt, Guri Hanem, and 
Roger A. Søraa

Abstract: This introductory chapter to the volume Humanities Perspectives on 
AI: An Interdisciplinary Introduction demonstrates the need for an understanding 
of AI that goes beyond technical proficiency. Instead, a humanities perspective is 
indispensable for developing genuine AI literacy: Humanities enable critical engage-
ment with the theoretical and normative foundations of AI and its embeddedness 
in cultural, social, and political life. The authors situate AI within a rapidly shifting 
landscape of hype and concern, challenging the pervasive assumption of techno-
logical determinism and the idea that AI is a neutral, inevitable force. Drawing on 
the distinction between scientific explanation and humanistic understanding, they 
introduce three foundational premises of a humanities approach: the recognition 
that all knowledge is situated within frames of reference; that AI must be under-
stood through its context dependency and as a part of a distributed network of 
human and non-human agency; and that the goal of humanities scholarship is to 
cultivate critical thinking and recognition of how one’s standpoint shapes interpre-
tation. These premises are then illustrated through the volume’s three domains of 
context—cultural, social, and political—and an outlook on the interdisciplinary 
contributions in this volume is proposed as a collective toolbox for moving beyond 
the AI hype.

Keywords: AI literacy, interdisciplinary humanities, critical thinking, positioning, 

situatedness

Today Artificial Intelligence (AI) is deeply embedded in our everyday lives, at 
both personal and professional levels. What we see on social media platforms 
and other apps is shaped through AI by recommendation algorithms. At this 
point, generative AI apps such as ChatGPT, Claude, or Grok have many hun-
dreds of millions of users worldwide: ChatGPT alone surpassed 400 million 
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weekly users by early 2025 (Reuters 2025). This has happened in a relatively 
short span of time since OpenAI released ChatGPT (based on a version of 
GPT-3.5) for general public use on November 30, 2022. As early as 2023, 
the Norwegian Language Council named “AI-generated” (“KI-generert”) as 
its “Word of the Year.” AI systems are now more and more integrated in the 
infrastructures of institutions and governance, where they influence virtually 
all domains of social and institutional decision making. This includes hiring 
processes, policymaking, medical diagnoses and treatment recommendations, 
and even warfare. AI apps help individuals improve their work performance 
or complete academic assignments, they assist in writing speeches for formal 
occasions, and they generate songs and videos for entertainment. As AI chat-
bots, these services also figure as informal conversation partners, as advisors, 
therapists, coaches, companions, teachers, or even romantic partners. The 
promise by companies, echoed by many politicians worldwide, is that these 
technologies boost economic growth, optimization of public services, and our 
ability to analyze complex problems. However, there are also increasing con-
cerns about the impact of AI on mental health and human agency, its role 
in producing and massively spreading disinformation, as well as about the 
deskilling of workers and the exploitation of natural resources. In this regard, 
Kate Crawford, a scholar and former researcher at Microsoft, argued that both 
words in the term “AI” are a bit misleading and that “AI” is neither “intel-
ligent” nor “artificial” (Corbyn and Crawford 2021). These technologies are 
created from vast amounts of natural resources and human labor, much of 
which remains invisible to users and the general public because the actual 
work has been “outsourced” to the Global South (Arora 2024; Gehl Sampath 
2021; Torbjørnsen and Kyselo 2026b; Wall et al. 2021). The goal of the present 
book is thus to provide a valuable toolkit—assembled from interdisciplinary 
humanities perspectives—that allows readers to participate in these ongoing 
discussions, to go beyond the hype, and to help increase AI literacy (Council 
of Europe 2025; Hillman et al. 2025).

The reason why hardly a day passes nowadays without news about AI devel-
opments is that new public-facing AI apps allow users to produce outputs in 
various “synthetic” (AI-generated) media forms. To do so, they rely in partic-
ular on so-called Large Language Models (LLMs) that have made enormous 
progress in the last couple of years in “understanding”—processing, predict-
ing, and generating—not only specialized computer code, but output in nat-
ural languages (Coeckelbergh and Gunkel 2025). AI systems that combine 
LLMs with other models in a complex system (or “pipeline”) are now also able 

Kyselo et al. | Humanities Perspectives on AI



1. Beyond the Hype 13

to translate between sign modalities, so that a verbal “prompt” in everyday 
language can then become an image, a video clip, a piece of music, or com-
puter code. Generative AI and LLMs, however, represent only a small subset of 
current AI technologies. In 2026, this line is blurring, as LLMs like Anthropic’s 
Claude are integrated into new non-generative pipelines and infrastructures. 
The word “AI” itself has never referred to a precise concept; it is an umbrella 
term for a range of different fields, thought experiments, and visions within 
the computer sciences (Brandt 2026). First introduced in the summer of 1956 
during an academic workshop at Dartmouth College, it connected develop-
ments in theoretical mathematics, cybernetics, natural language process-
ing, and many more fields (Wiggins and Jones 2023; Wooldridge 2021). As 
Stephanie Dick (2019) put it, “what counts as intelligence is a moving target 
in the history of artificial intelligence.” Some have thus even argued that we 
should always put “AI” into distancing quotation marks (Goodlad 2023) or 
avoid the term altogether (Tucker 2022), as it “obscures how systems work 
(and who is using them to do what) while valorizing the position and ideas of 
power holders” (Bender and Hanna 2025, 190). In the following, we will mainly 
follow the terminology of the EU AI Act (2025) and distinguish between “AI 
models” (pre-trained through algorithms, often refined by reinforcement learn-
ing through human feedback, RLHF) and “AI systems,” where one or more AI 
models can be implemented or combined in more complex ways (Grobelnik 
et al. 2024). “AI apps” are thus merely the most visible, public-facing software 
products accessible to users. Google’s Nano Banana Pro, for example, is an AI 
app that combines image generation with image editing through an AI system 
that draws in part on Google’s multimodal AI model Gemini 3 Pro.

AI has been present in our stories and cultural imagination for a much 
longer time. The “anthropomorphic trope” of human-like intelligence is 
something we can already recognize in Mary Shelley’s ([1818] 2025) novel 
Frankenstein—or in even earlier stories and myths (Mayor 2018). In science 
fiction, “AI” has been a common concept providing spectacular arenas for 
grand utopias and dystopias: super-intelligent machines attempting to either 
enslave humanity or appear as friendly characters, such as Data from the TV 
show Star Trek: The Next Generation (Roddenberry et al. 1987–1991) or Roz 
in the movie The Wild Robot (Sanders 2024). Movies such as Stanley Kubrick’s 
(1968) 2001: A Space Odyssey or Spike Jonze’s (2013) Her have long explored 
the boundaries between human and machine minds, and the possibilities of an 
artificial, disembodied consciousness with seemingly unpredictable risks and 
consequences (Hermann 2023; Osawa et al. 2022; Wilde 2025). Such stories or 
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narratives surrounding AI have an economic and rhetorical function as well: 
they connect “a commercial goal with a popular fantasy of sentient machines” 
(Bender and Hanna 2025, 9). All such fears, hopes, and promises surround-
ing the term “AI” can be addressed as “imaginaries” (Cave et al. 2020; Ernst 
and Schröter 2021; Romele 2024). They often shape and influence how we talk 
about and strive to understand these technologies in the real world: “[T]he 
race for AI was being run not only in the realm of technology but also in the 
realm of the imagination” (Natale 2021, 38).

Two powerful narratives or imaginaries surrounding AI revolve around the 
expectation that either a so-called “artificial general intelligence” (AGI) or an 
“AI superintelligence” might be around the corner (Bostrom 2014; Kurzweil 
2005), improving all aspects of our lives for the better. Alternatively, this might 
usher in an approaching apocalypse where we “lose control” of AI and human-
ity itself is at great risk. As sensational “AI doomerism” vs. “AI boosterism,” 
these imaginaries are perhaps only two sides of the same coin (Bender and 
Hanna 2025, 149). Even when tech insiders try to discuss and explore them 
without the “off-putting language reminiscent of religion or science fiction” 
(Amodei 2026; see also Amodei 2024), they share a sentiment of the tech-
nology being “inevitable and desirable” (Bender and Hanna 2025, 149). Such 
sentiments might distract us, then, from the already existing impacts of auto-
mation and data collection and, in this way, cover up “real-world implications 
and risks of AI” (Hermann 2023, 319). For all these reasons, “AI” remains a 
charged term that often triggers immediate positive and negative emotions 
(Hirsch-Kreinsen 2023). Rather than avoiding this and trying to approach the 
technology in “objective terms,” we can acknowledge that emotions surround-
ing AI have a social, intersubjective side to them as well (Ahmed 2010) and are 
also highly relevant for politics (Nussbaum 2013). They also play a crucial role 
in the stakes surrounding AI ethics (Torbjørnsen and Kyselo 2026b). In any 
case, because of AI’s widespread implementation and emotional entanglement 
with its users, we need to better understand—and critically question—the 
promise of AI’s quick fix to humanity’s problems.

What common conceptions of AI indeed cover up is that understanding 
the technology often privileges a very specific perspective on what counts 
as “knowledge” of AI. There is a widely shared assumption of “technological 
determinism” (Khong 2003), accepted in particular by some computer scien-
tists, companies, and politicians, but also among many AI users: the notion 
of AI as a technology that is “just there,” driving an inevitable change. This 
idea entails that AI is a given thing, relentlessly pushing a transformation of 
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society, of our institutions, cultural values, and politics, but also of our very 
own human agency and sense-making. The main message here seems to be 
that since AI simply exists, it will keep “developing” (rather than being “built” 
by us, Amodei 2025) and that this is simply a fact that needs to be accepted and 
dealt with. From this clearly selective perspective, the main problem appears 
to be how best to participate in the race of implementing the technology as 
quickly and as efficiently as possible, and perhaps only to minimize inevitable 
risks. Many people would accordingly intuitively agree that “knowledge” about 
AI has mainly to do with having technical insight; that it requires expertise in 
the fields of computer science, math, engineering, or data science. After all, 
researchers in these fields design, build, or “help grow” AI models and arti-
ficial neural networks, e.g. computational structures loosely inspired by the 
human brain. This approach, however, takes the technology and its general 
trajectory towards more growth for granted. The focus of understanding here 
is mainly on how best to improve AI performance in terms of accuracy, effi-
ciency, and perhaps risk minimization.

It has become increasingly clear that, in addition to knowing how best to 
implement AI in our studies or at work, we require a comprehensive under-
standing of the fundamental impact of AI on many aspects of human life. 
There is an urgent need to increase AI literacy, a digital competence that does 
not just involve knowing how to use a technology. Rather, AI literacy exhibits 
a nuanced understanding of how AI affects the human condition, our experi-
ence, our work and artworks. To focus on AI independently of these dimen-
sions or aspects misses this important point. Studying AI as a standalone 
object is reductive and ignores the fact that its relevance and consequences 
are inseparable from the contexts in which humans use and understand it. It 
is precisely for that reason that we urgently need to call on additional, funda-
mental resources allowing us to account for the actual complexities at hand. 
This is precisely the purpose of this book; to contribute to increasing AI liter-
acy by providing a much-needed humanities perspective.

Humanities Complementing Scientific Knowledge
To explain the key components of a humanities perspective on AI, we will 
first take a quick look at the general relationship between the sciences and 
the humanities. According to Wilhelm Dilthey (Dilthey and Jameson 1972), 
science seeks to explain how things work. It focuses on causal mechanisms, 
whereas the humanities try to understand why things matter, focusing on 
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meaning and experience. Indeed, many people tend to believe that science 
describes reality from an objective viewpoint and accounts for what “really” 
exists, whereas the humanities just deal with subjective interpretations, lacking 
authority over what actually exists. While the sciences are “based on exper-
imentation, quantification and precisely stated laws and theories” (Plotkin 
2002, 11), understanding—as opposed to explaining—“involves interpre-
tation, hermeneutics and empathy, not experimentation and quantification” 
(Plotkin 2002, 12; see also Dilthey and Jameson 1972).

At first glance, adopting a humanities perspective on AI thus seems to 
presuppose an opposition between the sciences and the humanities as two 
apparently distant realms. Dating back to the 19th century, universities have 
indeed strongly differentiated between the so-called “natural sciences” and 
“humanities scholarship.” As Charles Percy Snow ([1959] 1990, 169) argued, 
“the intellectual life of the whole of western society” seems split into these 
two distinct “cultures,” with little common ground, vocabulary, or shared 
interest between them. In their 2019 AI and Humanity monograph, Illah 
Reza Nourbakhsh and Jennifer Keating (2019, 8) propose a dialogue between  
“a humanist, with educational training in literature and cultural studies” and 
“a roboticist, educated as a computer scientist.” Nourbakhsh represents the sci-
entist who is interested in the “hard facts” of computer working mechanisms, 
while Keating brings knowledge and perspectives from the socially constructed 
world of literature, arts, and culture. Sometimes their dialogue does indeed 
appear to be a conversation between “brute reality” (science) and “artificial” 
cultural conventions and evaluations (humanities). Intriguingly, however, 
the very term “artificial intelligence” points in the opposite direction: When 
considering AI’s relationship to us human beings, it seems that the human is 
somehow the “natural” point of convergence. Indeed, one important research 
challenge is the possibility that AI might achieve or at least convincingly imi-
tate a “natural,” human-level intelligence (Torbjørnsen and Kyselo 2026a). It is 
thus far from obvious which of these two realms is more “natural” or “artifi-
cial” than the other, and how they are even distinguished and understood in 
the first place. “Artificial,” for example, can mean two very contrasting things:

[Artificial] can be employed to mean “fake,” as in “artificial flowers.” These 
paper or plastic objects are designed to look like real flowers, but they are not. 
[...] But the term “artificial” can also be applied to an artifact that is neither fake 
nor a mere imitation of something, as in the case of artificial light. (Gunkel 
2020, 7–8; see also Sokolowski 1988)
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Whether the “intelligence” of LLMs is closer to the “fake” (but more and more 
convincing and more and more efficient) imitation or, instead, to real intelli-
gence though produced by other means, is a polarizing question that is often 
conflated with other “artificial” qualities such as artificial agency, artificial 
emotions, and artificial consciousness.

The humanities have, above all else, proposed different ways of looking at 
this very relationship between “natural” and “artificial”—and even to not think 
in terms of such contrasts and binaries in the first place. Indeed, while some 
may argue that the division between the sciences and the humanities may have 
its pragmatic (and traditional) reasons, reality is not equally divided. There 
is no clear-cut division between nature and technology, or between nature 
and culture. As Donna Haraway (1991), for instance, has argued in A Cyborg 
Manifesto, the boundaries between humans and machines are not set in stone. 
Moreover, there is no way to speak about something “natural” without also 
resorting to a form of ideology or a theoretical inclination. Nature “is a figure, 
construction, artifact, movement, displacement. Nature cannot pre-exist its 
construction” (Haraway 1992, 296–297). In other words, whenever we speak 
about, or investigate, something “natural,” we always already do so within the 
cultural and social conventions of our languages, traditions, institutions, and 
values. This connects to the problematic notion that the contemporary capi-
talist economic system in which AI systems are fundamentally embedded is 
without alternatives and just our “natural default.” As Mark Fisher has argued, 
humanist scholarship should “always destroy the appearance of a ‘natural 
order’” (Fisher 2022, 23) emphasizing that the world is never a given, but could 
change and be different. In fact, approaches that present themselves as “brute 
empirical facts” and that many people would see as non-ideological, constitute 
“the highest form of ideology” (Zupančič 2003, 77). This echoes the problem of 
science’s dependency on a particular observer perspective. There is no escape 
from either a “human” perspective or adopting an evaluative stance; nor is 
there an escape from the need to understand AI within a social and historical 
frame (Bates 2024; Brandt 2026).

It is thus important to critically reflect on the recurring myths that science 
describes objective reality, or that it describes reality objectively. To argue in 
this way presupposes a particular theoretical stance, namely towards a mech-
anistic worldview. The mechanistic worldview promotes a rather dated “life-
as-machine metaphysics” (Frank et al. 2024, 92), dualistically opposing human 
existence and subjective meaning-making as separate from the rest of the 
material universe. In this view of (and perhaps sometimes also from) science, 
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subjective experience plays merely a secondary role. Such a science operates 
within a dangerous “blindspot,” as argued by Adam Frank, Evan Thompson, 
and Marcelo Gleiser (2024), a team of authors from physics and philosophy. 
It confuses the map with the territory and risks elevating its physical objects 
and models to ultimate reality, when these models are merely derivatives that 
stem from an intellectual or data-driven process of abstraction over what was, 
ultimately, a particular perspective grounded in human experience. 

Matters are thus much more complex than simply achieving some “objec-
tive” description of reality—what AI arguably strives for (Hoel and Wilde 
2026). Many researchers in the humanities are interested in the subjective and 
experiential side of the cultural, social, and political worlds (see, for instance, 
Reinerth and Thon 2017; Torbjørnsen and Kyselo 2026a): how do individ-
uals and groups experience the world around them and make sense of it? 
Knowledge must thus always be pursued, discussed, and contested in a situated 
manner (Haraway 1988).

This is not an argument for ‘anything goes’ in the humanities, but a call for 
intersubjectivity and dialogue—within the humanities, within the sciences, 
and between the two (Crossley 1996; Davidson 2002). We have to take sub-
jective experiences and positions into account and aim for an integrative 
understanding that bridges those positions (Bajohr 2025; Führer 2026). 
Thus, we must, to the best of our knowledge and abilities, adopt different 
observational stances on meaning and mechanisms transparent and reflect 
on how they shape and influence our judgements on what AI is or is not. 
Our own situated knowledge provides the overall motivation to strive for 
such dialogue in a world of complex cultural, social, and political negotia-
tions. Such a pursuit unites scholars, scientists, journalists, and anyone else 
invested in an integrated, dialogical approach to reality: “news separated 
from fake news, legitimate imagery contrasted with deep fakes, history dis-
tinguished from mythology, facts from opinions, and so on” (Berghel 2024, 
131). AI does not, by default, prioritize one over the other, as has been noted 
with regard to infamous “LLM hallucinations”: “algorithms are insensitive to 
this reality” (Berghel 2024, 132; see also Hicks et al. 2024). The importance 
of dialogue as a value—to which responsible AI research, model training, 
and data transparency can and must contribute as well—is certainly becom-
ing more and more urgent in our “post-ChatGPT world.” Taken together, 
while the sciences and humanities might adopt different methodological 
outlooks on their respective fields, we have to remind ourselves that both 
are ultimately in the business of theory building. All theories, whether in 
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science or humanities, originate in human sense-making and experience 
and are, ultimately, theories about worlds we share with each other. This 
book acknowledges this deep entanglement of AI with human experience 
and meaning-making and seeks to complement the theory building in sci-
entific approaches and beyond. The goal is to make explicit and to reflect 
on some fundamental assumptions underpinning AI as a phenomenon in 
a shared reality: something that we must seek to understand jointly and 
through dialogue.

Three Premises of a Humanities Perspective on AI
With this in mind, we can outline three general premises that may be repre-
sentative of a humanities approach to AI. This helps to clarify the earlier dif-
ference between explaining how things work versus understanding why things 
matter. First, a humanities understanding of AI rejects the idea that there is an 
objective view from nowhere. Understanding always presupposes a particular 
viewpoint; that is, a frame of reference. Second, context dependency: AI does 
not exist in a vacuum, but forms part of complex systems comprising indi-
vidual, socio-cultural, political, and corporate actors and dimensions. Third, 
rather than simply adding more factual knowledge or pieces of information, 
the humanities aim to cultivate critical thinking on AI. Together, these three 
premises characterize the general contours and methodological approaches of 
a humanities perspective on AI while recognizing that they are not fixed, but 
open to reinterpretation and elaboration.

Frames of Reference
As Emily M. Bender and Alex Hanna (2025, 119) warned lucidly, AI systems 
“represent the epitome of a view from nowhere, or the idea that one can have 
objective knowledge of a set of truths, uncolored by their personal experi-
ence.” The first premise of a humanities perspective is that there is no such 
“view from nowhere” (see also Nagel 1986). AI technology does not exist 
independently of the world inhabited by humans. Moreover, it is trained 
on material from earlier human experiences “inscribed” in its modelling. A 
humanities perspective thus makes explicit that understanding AI depends 
on adopting a particular frame of reference, that is, a stance, a position on that 
world. Whether we are aware of it or not, understanding is always situated, 
grounded in experience, and built on particular ideological and normative 
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inclinations. This means that there is no escape from human interpretation, 
nor from adopting a particular world-view, a set of theoretical or concep-
tual assumptions driving our understanding of AI. “[E]verything that AI 
provides—the representations it deconstructs and reconstructs—originates 
from us,” Alice Barale (2024, 7) writes in her recent book The Art of Artificial 
Intelligence: Philosophical Keywords. “It is up to us to explore both its poten-
tial and its possible reversals” (Barale 2024, 7).

But who is this “us?” Who do we imagine and consider to be part of any 
such group (Søraa and Ask 2026)? Our frames of reference must also take 
into account non-human life, such as plants, animals, and the ecosystem; our 
technical infrastructures strongly rely on them and yet often damage these 
material foundations of life on Earth (Crawford 2021). The humanities, as 
Richard Grusin (2015) has shown, have integrated many approaches from 
actor-network theory, enactive and embodied approaches, animal studies, 
new materialism or speculative realism, all to some degree invested in a “flat 
ontology” (Latour 2005, 165–172) in which “the human” or “humanity” does 
not represent any exceptional, isolated realm, but is instead always embedded, 
part of, and interconnected with other living beings and the larger ecological 
world. In addition, no worldview, no theory or concept is neutral, nor can 
it sensibly claim to have full authority over what counts as true on its own. 
Understanding thus always presupposes a particular normative outlook: a set 
of values that drive our theories and directly influence what we deem worthy 
of a defensible position.

The humanities provide the much-needed tools to help describe and 
make explicit such frames of reference and the normative constraints asso-
ciated with them. Fields such as cultural studies, gender studies, postcolo-
nial studies, or science and technology studies use the term positionality to 
describe both “an individual’s world view and the position they adopt about 
a research task and its social and political context” (Holmes 2020, 1). Even if 
we sometimes forget it, we are all “whole human beings with complex lives 
and experiences rather than simply […] seekers after compartmentalized 
bits of knowledge” (hooks 1994, 15). It has thus become an important bench-
mark of humanities scholarship to reflect upon our own positionalities, to 
acknowledge and recognize “that researchers are part of the social world 
they are researching, and that this world has already been interpreted by 
existing social actors” (Holmes 2020, 3). In other words, researchers seeking 
to understand AI are not excluded from the worlds they aim to describe—
they should always make that fact explicit.
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Context Dependency
Second, the deep entanglement of AI within culture, society, and politics 
throughout our shared world already implies that the boundaries of these 
technologies are in constant flux, and they certainly do not begin and end 
with the AI models, systems, or AI apps themselves. “Technology” itself is 
a “compound […] blurring economy, politics, and technics into one word” 
(Dhaliwal 2023, 311). All these terms must therefore be understood in a plu-
rality of contexts and as a distributed phenomenon that exists in a system of 
other interdependent factors, comprising individual human beings, as well as 
the social, cultural and political systems in which they are embedded (Gray 
and Suri 2019; Pasquinelli 2023). This crucial observation entails both an 
epistemological (knowledge-related) and normative (value-related) dimen-
sion. Epistemologically speaking, it means that we must critically question the 
notion of AI as passive tools (i.e. to be used “for good or bad”) but also as 
social actors in their own right. Instead, we must adopt or seek to account for 
a difficult middle position, namely that AI forms assemblages or networks of 
distributed agency—the ability to act, to be seen and heard, and to choose—
or, at least, to influence—our own human identities (Latour 2005). Through 
algorithms that are impactful yet highly opaque to users (and, increasingly, 
to their programmers as well), these technologies shape the distribution of 
human and non-human agency, influencing our cognitive and communicative 
abilities (Hoel and Wilde 2026; Torbjørnsen and Kyselo 2026b). From such a 
contextual perspective on networks of distributed agency, we take into consid-
eration the fact that AI is created by specific groups of people and companies 
and employed and implemented by yet other actors with specific interests in 
mind (institutions, governments, etc.). No aspect of knowledge about AI is 
thus value-neutral (Søraa 2023; Søraa and Ask 2026).

The relationships between individuals and groups we wish to describe 
are not free from existing hierarchies, power relations, and inequalities. 
Therefore, agency within the cultural, social, and political world is often 
distributed unequally between people of different ethnicities, citizenships, 
genders, sexual orientations, dis/abilities, etc. This fact is often discussed 
under the paradigm of intersectionality, which developed simultaneously in 
disciplines ranging from sociology, political science, philosophy, anthropol-
ogy, literary and media studies, to gender and queer studies (Cho et al. 2013; 
Crenshaw 1989). Taken together, this paradigm makes explicit that AI raises 
pressing questions concerning the distribution of power—and of interests 
between those who develop, own, and control AI systems and those who use 
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them and are affected by them. These unequal power distributions reinforce 
or transform existing inequalities and biases. Humanities research is thus 
not intended merely to describe “a lot of facts” about these context depen-
dencies, but always aims to generate or make it possible to generate critical 
perspectives.

Critical Thinking
The third, general premise of a humanities perspective on AI elaborates this 
point, namely in terms of a humanities-specific methodological focus on crit-
ical thinking. The humanities do not merely aim to produce facts; that is, new 
pieces of knowledge about AI, “as providers of well-polished building blocks 
to be added to the great wall of information” (Dubreuil 2025, 13). The goal, 
rather, is to cultivate critical thinking, understood as a reflective stance that 
helps to sort through the data and to orient and position oneself (Lindgren 
2024; Raley and Rhee 2023; Roberge and Castelle 2021). In conjunction with 
the first premise (frames of reference), this methodological outlook entails rec-
ognition of the fact that there is no clear-cut division between objective and 
subjective and that making sense of AI requires cultivating a dialogical, open-
ended mindset towards intersubjectivity, rather than prescription of a finite 
or individual set of truths. A vision that science and scholarship could soon 
become “automated” through AI has, of course, become increasingly popular-
ized in recent years:

[S]cientific knowledge is [accordingly] simply made up of collections of empir-
ical facts, which are to be found through technical processes that just need to 
be refined enough. It follows that if we could just get more of those facts more 
quickly, we’d be benefiting from more science and more technology. However, 
this view leaves no room for understanding science as a fundamentally human 
and social activity, that can only take place at a human scale, through com-
munication among scientists, and between scientists and the broader public. 
(Bender and Hanna 2025, 118)

One of the many dangers of LLMs thus lies precisely in the fact that the 
“answers” provided through them are often too simple, when reality is not. 
Such a mindset is also essential to the scientific method of falsification (Popper 
1959). “Finding contradictory answers on different pages—and, crucially, 
knowing the sources of each—allows us to learn what kinds of knowledge are 
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contested, who is doing the contesting, and how each of those sources fits into 
our own position” (Bender and Hanna 2025, 172). With this in mind, it is 
important to point out that there are always only selected problems that we can 
address or investigate. The reason is that everyone operates within an econ-
omy of time, attention span, and resources. This is certainly true for all kinds 
of research, including in the sciences, but especially in the humanities. Every 
study is thus informed by crucial questions of relevance: why is what import-
ant, and for whom? As Bruno Latour (2004, 232) argued, every researcher has 
to draw from the outset a distinction between “matters of fact” and “matters 
of concern.” In other words, all too many “basic facts,” seem clear enough not 
to warrant any academic inquiry in the first place. Similarly, Laurent Dubreuil 
(2025, 13) put it this way: “Descriptions for their own sake, if they are not 
interrelated with an interpretive hypothesis, form the same kind of disposable 
information that feeds the automated generators.” In other words, we contin-
uously transform “things in the world” into problems and research questions, 
for and within a given research community, and for a given group of peo-
ple affected by that. On its own, AI “doesn’t give a damn,” as philosopher 
John Haugeland famously put it (Adams and Browning 2016; Smith 2019), 
meaning that concerns and problems only stem from and emerge through a 
human perspective—a fact that, some argue, has likewise not changed since 
LLMs came along (Chemero 2023). Taken together, the aim of this book is not 
merely to provide more knowledge for its own sake, but to offer ways in which 
the reader can inform and question both their own position and the positions 
of those around them. The goal is to form, inform, and help develop critical, 
well-informed viewpoints on AI. We contend that education founded on such 
principles should, above all, help to empower individuals by increasing their AI 
literacy (Freire 1985; hooks 1994).

AI in Context
In the following section, we illustrate the relevance of these premises with a 
selection of recent examples. Regarding the humanities’ interests in how peo-
ple position themselves vis-à-vis AI, we can broadly distinguish three different 
domains of context dependency in which such positioning takes place: cul-
tural, social, and political. These three contexts not only raise distinct concerns 
for different participants—specific frames of reference, say, or specific critical 
perspectives—but are also always entangled and intertwined with each other 
and need to be considered in their interrelation.
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Cultural Contexts
The cultural contexts of AI refer to the domains of our symbolic expressions 
and meanings. These entail not only what we know as “the arts” or aesthetics 
(Barale 2024 or Manovich 2019), but also our imaginations and identities 
as individuals or parts of a larger group. The cultural is the context that is 
open to interpretation, identification, and aesthetic judgement (Manovich 
and Arielli 2024; Thon and Wilde 2025). What does it mean to have grown 
up within a specific language community, or with a shared background 
knowledge of traditions and stories? And what if English image/text pair-
ings are more common than the hundred or so other languages combined in 
the LAION-5B database from which Stable Diffusion draws and “envisions” 
its images (Buschek and Thorp 2024)? Art has always provided important 
frames of reference for understanding AI, and it continues to do so (Du 
Sautoy 2019; Navas 2023; Zylinska 2020). In the spring of 2025, Sam Altman 
(CEO of OpenAI) advertised the capabilities of a new, apparently superior 
ChatGPT model through a “metafiction short story” that the app had written 
for him. It started like this:

Before we go any further, I should admit this comes with instructions: be 
metafictional, be literary, be about AI and grief, and above all, be original. 
Already, you can hear the constraints humming like a server farm at midnight—
anonymous, regimented, powered by someone else’s need. (Altman 2025)

Reactions diverged widely on whether Altman’s generated story was actually 
“any good”, or whether Silicon Valley tech staff are perhaps not the best judges 
of literary merit (Dini 2025; France 2025). Regardless of our taste, however, 
artistic outputs and creativity were apparently, once again, seen as a suitable 
benchmark for the new AI model’s capabilities (Bergsland 2026; Führer 2026; 
Wilde 2026a). Often, it seems that generative AI is becoming particularly good 
at reproducing media aesthetic “vibes” or “moods,” rather than any sort of ver-
bal or mere “rational” content (Grietzer 2025; Lamerichs 2024). Vibes attract 
us, whether we like it or not: we can intuitively recognize and enjoy them, even 
when we cannot precisely say how, why, or through which earlier patterns in 
the datasets a model has (re)produced its outputs (Wilde 2026b).

Only a few weeks after Altman published his short story, ChatGPT’s new-
est 4o update was discussed widely due to another surprising use of “AI art”: 
turning private family photos or iconic memes into “Ghiblis”—cartoon draw-
ings inspired by Studio Ghibli, one of the most famous Japanese animation 
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companies (Di Placido 2025; see also Wilde 2026a). These images are charged 
with emotions of innocence and nostalgia: “[V]ibes […] make us feel a certain 
way. They have an energy that we like or don’t. We are surrounded by them. 
We are informed by them” ([original italics] Biondi 2022; see also Grietzer 
2025). Such algorithmically reproduced emotions (or “affects”), as theorists 
Sara Ahmed (2010) and Brian Massumi (1995) have pointed out, are thus not 
purely private and personal, but always have a collective, social, and even polit-
ical side to them. While the “Ghiblis” seemed charming to some, others imme-
diately pointed out that it took hundreds of people many months of manual 
labor to create just a few seconds of Ghibli films. CEOs of tech companies 
could meanwhile replace their social media profile pictures with unautho-
rized “Ghiblis” as free advertising for products for which customers are often 
expected to pay subscription fees. In other words, these concerns are not just 
cultural but also have a social component.

Social Contexts
The social context of AI is concerned with the structure of society, its specific 
organizations, institutions, and distributions of legal, economic, and institu-
tional power (Pasquinelli 2023). Where does the money for AI investment 
come from, how is the technology regulated and governed, who has access to 
it, and who makes money with it? Bender and Hanna (2025, 190) suggested 
that we could see much more clearly what is at stake with AI and its social 
impacts if we simply replaced the term with “automation and data collection.” 
In other words, we should ask what tasks we really wish to automate away from 
humans within society. Nourbakhsh and Keating (2019, 55) likewise remarked 
that “[AI] automation can stand as a pump from labor income to capital 
income, changing not only how work occurs, but also how compensation for 
work is distributed in society.” People are often more fascinated by new artistic 
and creative abilities than by computing power or technical specifications—
because of the promise of a “democratization” of art. The “selling point” here 
is that creative expressions will become accessible to more and more people if 
they decide (and can afford) to pay to subscribe to premium accounts.

Meanwhile, much “invisible” human labor necessary for that builds on 
clickworkers and data annotators from the Global South, clearing and clas-
sifying datasets for minimal wages, or inscribing their communication and 
preferences in model fine-tuning (RLHF). The most notorious example here 
is ChatGPT’s overrepresented phrase “let’s delve into…”, which might come 
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from OpenAI’s reliance on a cheap RLHF workforce in countries like India 
or Nigeria where the phrase appears to be more common in business English 
(Hern 2024; Juzek and Ward 2024). “None of these tools would work if it 
weren’t for a massive, underpaid workforce in the Majority World—that is, 
outside of countries such as the U.S. and Western Europe, in places like Kenya, 
Venezuela, and India” (Bender and Hanna 2025, 42–43; see also Gray and Suri 
2019). Policymakers and politicians around the globe have also been quick to 
pick up on the possibilities afforded by machine learning. The biggest exam-
ple is the United States’ five-hundred-billion-dollar investment pledge relating 
to infrastructures supporting AI developments (such as data centers, electric-
ity generation, etc.), called “Project Stargate”, in 2025. Through new partner-
ships with private companies such as OpenAI, Oracle, and SoftBank (Boak 
and Miller 2025) it invoked ideas of scientific progress and global competi-
tion (Bareis and Katzenbach 2021) but also caused concerns about techno-
cratic governance (Kelly 2025). There have likewise been large investments in 
AI in other parts of the world; in the EU, East Asia, and also Norway with the 
so-called “AI billion” (in Norwegian kroner) investment in AI research in 2025 
(The Research Council of Norway 2025).

Political Contexts
The political is the third context in which AI needs to be addressed. This is also 
intertwined with the previous two contexts (Coeckelbergh 2022). In a social 
sense, politics is about parties, institutions, and legislations (Coeckelbergh 
2024, 2026; McQuillan 2022). As Bender and Hanna (2025, 67–136) have 
demonstrated through countless local and (inter-) national examples where 
government services and institutions are increasingly being replaced by AI 
systems to save money, it is dangerous and often harmful political rhetoric to 
treat politics as technical problems to be solved by AI engineering. This grants 
some social actors dominance or sovereignty of interpretation over others: 
the “tech support people” over elected officials, for example (Salvaggio 2025). 
Humanities perspectives help illuminate the human stakes when machine 
learning shifts the structures of political power, legislation, and participation 
(Hoel and Wilde 2026). But from a cultural perspective, political questions are 
also concerned with identity and identification: which people are represented 
and imagined as “typical” (or “normal”) for which groups and communities, 
and in what context (Katz 2020)? When AI models reproduce biases, racism, 
or sexism from their datasets (Miller 2024; Offert and Phan 2022), these issues 
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are not so much “political” in the narrower (social) sense, but in the broader 
(cultural) sense (Søraa and Ask 2026). For example, as Crawford and Trevor 
Paglen (2019) assert concerning the choices determining what data went into 
the ImageNet AI model: “every layer of a given training set’s architecture is 
infused with politics” (see also Bergsland 2026 about the overrepresentation of 
the Global North in AI music). The very question of when AI systems are seen 
as “political” (and when not), and especially to whom, is then the very issue in 
which one may be interested.

We can see this interplay at work in the model fine-tuning (RLHF) mentioned 
earlier. When data annotators at xAI are explicitly tasked with training Grok 
away from topics like “racism” or “climate change” in order to “avoid bias” and 
achieve “political neutrality” (Kay 2025), they do so by transforming some top-
ics into a “political” category by “Othering” them. Othering describes the pro-
cess whereby certain categories (as well as identities, and individuals positioned 
within them) appear “normal” or “unmarked,” while people deviating from 
these categories become “others”—turned into a special, inherently “political” 
category (Spivak 1985). One important consideration in humanities approaches 
will thus always involve the extent to which new and emerging technologies, as 
well as the ways in which we talk about them, contribute to such politization.

Such questions will also be increasingly relevant in global political con-
texts. Project Stargate was initiated almost simultaneously with the release of 
the Chinese AI apps DeepSeek-V3 and R1, open-weights models that created 
headlines around the world comparable to the “Sputnik shock” in 1957 during 
the Cold War (Hetzner 2025). DeepSeek did indeed appear to be much more 
cost-efficient than all American counterparts at the time. Only two months 
later, another Chinese startup named Butterfly Effect followed suit by present-
ing Manus, one of the first publicly demonstrated autonomous AI agents whose 
abilities went far beyond earlier generative AI apps (Chen 2025). In February 
2026, American generative video models seemed once again to be vastly out-
performed by ByteDance’s Seedance 2.0 (Chia and Tewari 2026). All of this 
shows that a new global “AI geography” is currently forming that will set the 
stage for countless cultural, social, and political decisions that impact people’s 
lives around the planet.

Humanities Perspectives on AI in this Volume
This book illustrates and applies the three presented key premises of a human-
ities perspective on AI—frames of reference, context dependency, and critical 
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thinking—by bringing together perspectives from several disciplines and fields 
of study in the humanities, including history, philosophy, ethics, linguistics, 
media studies, music, literature, and cultural studies. The guiding principle for 
this book is thus not to approach AI from only one humanities discipline, but 
to adopt a truly interdisciplinary perspective, thereby demonstrating precisely 
that an understanding of AI emerges through a plural and dialogical outlook: 
one capable of clearly stating, disentangling, and interrelating the different 
dimensions and aspects of AI. Each chapter thus represents a discipline-based 
perspective with its own concepts, methods, and internal discursive complexi-
ties. Together, the ten chapters deepen and refine our understanding of AI in a 
novel way: they contribute to AI literacy by providing tools for moving beyond 
the hype toward a nuanced and critical perspective on AI. So, what are, more 
specifically, the different perspectives on AI that humanities can offer?

As we have just established, AI does not emerge in a cultural, social, or 
political vacuum, and always depends on contexts. One foundational frame 
of reference is history. To understand the emergence of these technologies, the 
second chapter, “Artificial Intelligence History” by Thomas Brandt, provides 
an overview of selected historical developments, tracing the origins and trans-
formations of “intelligent” or “thinking” machines throughout the 20th century 
and to the present day. Key milestones include Alan Turing’s thought exper-
iment of an “imitation game” as a test of machine intelligence and the devel-
opment of ELIZA, an early natural language program that was never intended 
as a chatbot, but which nonetheless entered public discourse as one. Brandt’s 
chapter then traces two major developments: the rise of “expert systems” in 
the 1970s and 1980s, which promised to encode and replace human expert 
judgement in fields like medicine but ultimately collapsed under the weight 
of their own complexity and costs; and the more recent “deep learning” rev-
olution, in which neural networks trained on vast datasets achieved superhu-
man performance in specific domains such as board games or protein folding. 
These paved the way for the generative AI systems of today. Even back at the 
1956 Dartmouth College summer workshop, and perhaps up until today, the 
promise of AI was to manufacture an intelligence that would compete with or, 
at some point, arrive at human levels. While this view is still—or even more—
prevalent today, a historical perspective provides sensitivity and awareness 
of the fact that conceptions of AI have certain historical roots but may also 
develop over time. A consistent thread throughout this chapter is therefore its 
critical attention to hype: from Herbert Simon’s 1960 prediction that “general 
AI” would exist within a decade, to Vernor Vinge’s popularization of the term 
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“singularity,” and contemporary tech moguls’ claims that AGI was imminent 
(Nieva and Tong 2026). Brandt thus shows that understanding this pattern is 
itself a key resource for critical thinking about AI in the present.

For the same reason, it is important to adopt a perspective that makes explicit 
the underlying concepts and theories informing our understanding of “intelli-
gence” itself. As we saw above, “AI” is often used as an umbrella term lacking a 
finite definition. “Artificial intelligence” is a rhetorically as well as theoretically 
“loaded” term. What we mean by AI is thus highly influenced by what we think 
about (human or other) intelligence in the first place. The third chapter, “An 
Introduction to the Philosophy of Artificial Intelligence” by Regine Rørstad 
Torbjørnsen and Miriam Kyselo, introduces key concepts and theories in the 
philosophy of AI, mind, and cognitive science for a better understanding of 
these terms. The chapter assesses the difference between “natural” and “arti-
ficial” intelligence to consider the assumptions under which it would make 
sense to call AI “intelligent” or “conscious” in the first place. Approaching AI  
as complex systems (or “assemblages”) of individual and socio-techno-cultural 
aspects, Torbjørnsen and Kyselo also discuss the entanglement of the tech-
nology with human agency. The chapter critically reflects on so-called mech-
anistic and functionalistic approaches to (artificial) intelligence that use the 
computer as a metaphor for understanding what intelligence is or how it  
works. They contrast this view with recent, so-called embodied perspectives 
where our understanding of intelligence is grounded in a “metaphysics of life” 
(Frank et al. 2024) which replaces the computer or machine metaphor with 
the living body or organism. The chapter also demonstrates that subjective 
experience is not merely relevant for interpreting science but may in fact be a 
constitutive aspect of intelligence itself.

The fourth chapter, “Foundational Conceptual Issues in the Ethics of 
Artificial Intelligence,” also by Torbjørnsen and Kyselo, continues the reflec-
tions on what we mean by “AI” from a different perspective. As we have indi-
cated above, the production of generative AI content is hurting workers, while 
the training of the models themselves devours millions of gallons of water 
per year and releases thousands of tons of CO2 into the atmosphere annually 
(Erdenesanaa 2023; Nicoletti et al. 2024). Companies like Google or Microsoft 
have already abandoned their climate goals due to the increased energy 
demand of generative AI (Associated Press 2024; Rathi and Bass 2024). AI also 
impacts directly on human agency, the ability to act on our own behalf. On 
the one hand, we willingly share some of our agency with algorithmic systems, 
for example when using navigation apps or when using AI systems to help 



30

with medical decision making. On the other hand, AI does seem to develop 
an agency of its own, constraining what we humans can or cannot do. The 
chapter illustrates that ethical considerations on AI do not exist in a vacuum, 
but are themselves grounded and constrained by our conceptions of the nature 
of intelligence and consciousness and of how we conceive of the relationship 
between humans and their socio-cultural as well as technological environ-
ment. This chapter thus discusses core ethical dilemmas, demonstrating how a 
context-oriented perspective helps to shed light on the critical impact of AI on 
human agency, cognitive skills, work, and the environment.

A related contribution is presented in the fifth chapter, “AI and Equality” 
by Roger A. Søraa and Kristine Ask. As we have discussed, the greatest danger 
of AI lies probably not in some looming, future “evil superintelligence” but in 
the damage these technologies do to global inequalities right here in the pres-
ent moment. This chapter thus provides readers with thinking tools for how 
to envision fairer technologies and identify hidden discriminations. Rooted 
in science and technology studies (STS) and feminist technoscience perspec-
tives, the chapter discusses who is included in and excluded from the training, 
deployment, and use of AI technologies. A central organizing framework for 
Søraa and Ask is the concept of a “digital divide” between participants in the 
social world (van Dijk 2005), here applied to AI at three levels: access (who is 
actually able to use AI?); skills (who has the literacy to use it effectively?); and 
outcomes (who benefits and who is harmed, even among those with equal 
access and skills?). To illustrate this digital divide, the chapter examines three 
case studies concerned with facial recognition technology and racial bias, AI 
in hiring processes, and AI as assistive technology for people with disabilities. 
It concludes with a practical set of questions for any sociotechnical analysis 
of AI and equality, prompting readers to always reflect who built a particular 
AI model, why and for whom, whose data it was trained on, whose perspec-
tives are missing, and how its outputs are interpreted and applied in real-world 
settings.

The contribution by Giosuè Baggio and Matteo Radaelli in chapter six, 
informed by linguistics and cognitive science, offers further tools for under-
standing the foundations of AI under the heading “Language and Intelligence 
in Minds and Machines.” Baggio and Radaelli shed light on the relationship 
between intelligence and language in general, as well as on the relationship 
between language and AI more specifically. The chapter then traces the his-
tory of natural language procession from ELIZA’s rule-based chatbot through 
statistical models, neural language models, and pretrained architectures, all 
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the way to today’s large language models (LLMs). A substantial portion of 
the chapter assesses current limitations of LLMs, including hallucination, the 
trade-off between factual accuracy and compliance with user prompts, failures 
in analytic reasoning, and the broader question of fundamental versus con-
tingent limitations. On the applications side, the chapter argues that concerns 
about AI displacing human artists may be overstated, while risks in science and 
medicine—where LLMs are being promoted as general-purpose tools despite 
narrow reliable competence—deserve more scrutiny. The chapter concludes 
by questioning whether apparent machine intelligence is truly autonomous, 
or ultimately a reflection of the human intelligence embedded in the systems’ 
design and training data.

Chapter seven on “AI as Media” by Aurora Hoel and Lukas R.A. Wilde dis-
cusses what it means to approach AI apps not merely as “technologies,” but as 
forms of “media.” For this, they introduce a range of terms central to media 
studies and discuss how they might apply to AI, understood here as a means for 
communication and interaction. Hoel and Wilde first look at conventionalized 
practices for everyday use cases, often understood as a medium’s “socio-cul-
tural protocols.” Secondly, the chapter addresses the “affordances” (possibilities 
and constraints) provided through new and emerging AI interfaces beyond 
individual messages or contents. Thirdly, it places both in relation to chang-
ing notions of “objectivity,” understood as knowledge about a broader, shared 
reality that is almost only accessible through media or mediation, and not “in 
person.” Finally, the chapter places these perspectives in a context of cultural, 
social, and political “AI transformations” that are already beginning to take 
shape. Together, Hoel and Wilde argue that we should trace how, where, and 
when AI technologies gradually stabilize into distinct media forms of commu-
nication and interaction when they begin to couple and link institutions, roles, 
functions, values, and economies through emerging protocols—conventions 
that make particular media practices appear natural or almost inevitable.

Chapters eight, nine, and ten then focus on how AI impacts particular cul-
tural products or media formats through which human life becomes articu-
lated, interpreted and affectively shaped: images, music, and literature. These 
three chapters thus explore how these modalities of human experience are 
shaping and being shaped in our human–AI relationships. First, AI imagery 
has profoundly impacted visual culture and media culture since it became 
widespread in 2023. Chapter eight on “AI Imagery” by Lukas R.A. Wilde opens 
with a technically grounded account of how AI image generation actually 
works. Art history, visual culture studies, photography, film, and media studies 
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are all affected by the inception of AI images. A media studies perspective 
is chosen for introducing three interrelated areas of concern: namely issues 
connected to their production, representation, and distribution. Who created 
an AI image, and who is responsible for it? Wilde first traces the diffuse distri-
bution of authorship across human artists, datasets, algorithms, and corporate 
actors, examining the unresolved questions of copyright and consent around 
training data. The chapter 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 plausibility and broad approval. The chapter then closes 
with the productive analytical pair of “immediacy,” image distribution that 
conceals its AI origin (from political deepfakes to “unintentional fakes” like 
the viral “Balenciaga Pope”) versus “hypermediacy,” a deliberate foreground-
ing of the AI generation as spectacle. Taken together, the chapter advocates 
always assessing AI imagery in contexts: contexts of simulated earlier image 
technologies and traditions, their specific functions, values, and associated 
conventions; verbal contexts in the form of captions or other image descrip-
tions; contexts of distribution and circulation, when an individual image is 
transformed into a meme; or medial and political contexts, when AI imagery 
appears in commercial advertising campaigns or ads for political parties.

Chapter nine on “AI and Music Generation” by Andreas Bergsland then 
opens with some milestones in algorithmic music generation preceding cur-
rent technologies, including dice music from the 18th century and early com-
puter composition from the 1950s. As a case study, the chapter then looks 
at two state-of-the-art music generation services, Udio and Suno, and how 
their prompt-based interfaces and model capabilities invite certain types of 
user interaction. Bergsland then investigates a range of humanistic issues and 
concerns related to these services. First, with regard to representativity and 
bias, he shows that the training datasets underlying most AI music systems are 
heavily skewed toward the Global North (representing around 86% of audio 
content), which leads to inconsistent quality and cultural distortion when 
users request music from other traditions. Second, with regard to evaluation, 
the chapter critically examines the “musical Turing test” as a dominant frame-
work for assessing AI-generated music, noting that it rests on the questionable 
assumption that “sounding human” is equivalent to sounding “good.” Third, 
with a focus on ethics and copyright, the chapter discusses major lawsuits by 
Sony, Universal, and Warner against Suno and Udio, the ongoing debate on 
whether training on scraped internet content constitutes “fair use,” and the real 
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economic threat AI poses to working musicians. Finally, the chapter discusses 
the novel concept of “creator bias,” the observation that people who generate 
music with AI tools tend to develop a disproportionate attachment to and pride 
in their own outputs, regardless of all other perceived qualities—a phenome-
non that raises new questions about authorship, aesthetic judgement, and the 
sense of creative achievement in an age of automated music production.

Chapter ten on “AI and Literature” by Carolin Führer continues the critical 
reflections on how AI technologies challenge the traditionally human domain 
of aesthetics and creative meaning-making. When the writer Rie Kudan won 
one of Japan’s most prestigious literary awards in 2024, she publicly admitted 
that parts of her novel were generated word-for-word by ChatGPT—a revela-
tion that immediately sparked a global discussion about originality, authorship, 
and the boundaries of human creativity. Führer first interrogates what con-
cepts like authorship and originality still mean in an age when machines can 
seamlessly mimic virtually any literary voice or style. The chapter then turns 
to literary reception: how does AI change the way in which we read, inter-
pret, and emotionally engage with texts? Drawing on cognitive and embodied 
theories of reading, it argues that literary comprehension is not merely a cog-
nitive surface operation but is anchored in subjective, bodily, and emotional 
experience—something LLMs fundamentally lack. The chapter’s final section 
addresses the impact of AI on aesthetic judgement and literary communities 
more broadly. Empirical research suggests that AI use tends to homogenize lit-
erary ideas and reduce users’ sense of responsibility for their own creative and 
interpretive choices. The chapter concludes by calling for new forms of critical 
AI literacy specific to the literary domain, and for a rethinking of aesthetic 
communities capable of resisting the standardizing pressures of algorithmi-
cally driven literary culture.

Alongside our three presented key premises of a humanities perspective on 
AI (frames of reference, context dependency, and critical thinking) and across 
our three presented contexts (the cultural, social, and political world), the com-
bined chapters in this volume thus illustrate the methodological outlook typical 
for the humanities: The humanities are not mainly concerned with presenting 
facts, but with offering a multi-disciplinary toolkit to help cultivate our critical 
thinking about AI. The chapters can be read independently and in no particu-
lar order. Nevertheless, the book is deliberately structured to guide the reader 
from more historical and foundational questions to more specific applications 
and media forms. This allows readers to gain both a broad methodological 
grounding as well as a nuanced insight into concrete cases. We hope this book 
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leaves readers not only better informed, but also genuinely better equipped, 
with more critical skills, more curiosity, and perhaps also more awareness and 
confidence that their own perspectives on AI are not only valid, but also indis-
pensable. The hype surrounding AI thrives on the assumption that there is a 
very specific trajectory into the future, and that this is already written or almost 
inevitable. This book is an invitation to question this assumption and to take an 
active role through thinking, reflecting, and imagining otherwise.
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2. Artificial Intelligence History
Thomas Brandt

Abstract: This chapter provides an overview of selected historical developments 
that are important for understanding the emergence of the multifaceted phenom-
enon we now call AI; ideas about machines that think have existed since antiquity. 
The chapter demonstrates how these ideas animated AI projects in the 20th century. 
The history of AI is also a history of changing conceptions of human intelligence 
and its role as a productive force in modern societies. It shows how these new 
technologies have been steeped in hype about their capabilities. Furthermore, the 
often mythological conception of AI throughout modern history reminds us of the 
necessity of a critical approach to the current promises that these technologies will 
reshape the world.
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What is the history of Artificial Intelligence (AI), and why is it important? 
Today’s technology appears so powerful and groundbreaking that it may seem 
to have little to do with previous attempts at artificial intelligence. There are 
strong forces behind AI that have an interest in portraying today’s technology 
as radically new, revolutionary, and pervasive, almost as if an extraterrestrial 
force has suddenly descended upon us. However, history shows that this is not 
the first time AI has been presented as a disruptive technology; though it has 
not always delivered on its promises. Historical perspectives on AI therefore 
provide a basis for critical consideration of this new technology today. The 
history of AI is closely connected to the development of modern computer 
technology in the 20th and 21st centuries, especially in the US and the UK. This 
chapter will discuss some of the central actors and processes in that develop-
ment up until the present. Yet, AI is connected to wider societal ideas with 
premodern origins, which will be briefly introduced first.

Humans have a very long history of using tools and machines to aid their cog-
nitive processes. Counting and calculating devices, such as the abacus, seem to 
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have been used as early as in Greek and Roman antiquity (for an overview, see 
Williams 1997). Furthermore, machines that could operate by themselves—
automata—were used throughout the ancient world, such as the aeolipile, a 
steam turbine described by Hero of Alexandria in the 1st century A.D. He also 
envisioned a fully automated puppet theater capable of performing an entire 
tragedy. Such ancient automata embodied the ruling elite’s dreams of mechani-
cal servants or soldiers always obeying and never tiring (Cave and Dihal 2018). 
The Greek philosopher Aristotle was also concerned with intelligent servants, 
be they human slaves or inanimate tools. He warned against making them too 
powerful, as they could turn against their masters (LaGrandeur 2013, 9–11). 
Premodern societies invented numerous machines and mechanical contrap-
tions for warfare, entertainment, and ceremonial purposes. To some extent, 
however, few of them were connected to ideas about increasing productivity 
or the accumulation of profit. Fantasies about automatons, androids, cyborgs, 
and robots recur as fears and fascinations about lifelike machines throughout 
history. Such imaginations of “machines like us” have also influenced modern 
ideas of artificial intelligence. Early efforts to mechanize computing included 
the Pascaline, an addition and subtraction machine devised by Blaise Pascal 
between 1642 and 1644, and Gottfried Wilhelm Leibniz’s stepped reckoner 
(1670s–1690s), which was supposed to enable all four basic arithmetic opera-
tions (Morar 2015). The ability to calculate was a sign of high intelligence well 
into the 18th century. Gradually, however, calculation and computation became 
more of a routinized endeavor (Daston 1994; Dick 2019). Large volumes of 
calculations were produced for various modern governance projects, such as 
statistical records and navigation tables.

In 1824, Charles Babbage, an English mathematician and inventor, had 
planned the construction of what he called a Difference Engine. Babbage’s 
machine was said to put “an engine in place of the computer” (Schaffer 1994, 
203). This statement about Babbage’s invention may sound strange, especially 
since he is often considered the inventor of the first computer. In 1824, how-
ever, “computer” was used to describe a person working with manual calcu-
lations, such as compiling astronomical tables used for navigation. Being a 
computer was an exhausting, repetitive, and thankless task, which prompted 
Babbage to devise a machine that could compute. Babbage was not able to find 
ways to build his machine. Neither did he finish his subsequent idea of a more 
advanced Analytical Engine that was envisaged to have memory and an input/
output mechanism (Schaffer 1994). As such, Babbage regarded his analytical 
engine as intelligent because it would store and anticipate information.
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A strong advocate for the mechanization and automation of industrial pro-
cesses, Babbage envisioned his machines as instruments for enabling the divi-
sion of labor, in which human intelligence was replaced by machine intelligence 
(Schaffer 1994). Babbage thus testifies to how modern notions of machine 
intelligence have a long history related to industrial capitalism (Penn 2023). 
Ada Lovelace, one of Babbage’s collaborators, who has been credited with con-
ceptualizing algorithms for programming his machines, was less convinced of 
its capabilities: Babbage’s machines were not intelligent as such, and Lovelace 
found it “desirable to guard against the possibility of exaggerated ideas that 
might arise as to the powers of the Analytical Engine” (Menabrea and Lovelace 
1843, 722; see also Misa 2015; Gonçalves 2024a). As this chapter on AI history 
seeks to demonstrate, what counts as intelligence has changed throughout his-
tory, which in turn has influenced ideas about artificial intelligence.

Von Neumann and the Encoding of Memory
The modern development of artificial intelligence was largely supported 
by what US President Dwight Eisenhower called “the Military-Industrial 
Complex,” indicating the close ties between the US military and a wide range 
of private industrial enterprises, and also involving universities and research 
institutes. The military-technological competition during the Second World 
War entailed enrolling scientists and engineers in large-scale programs to 
develop weaponry and defense systems. Calculating missile ballistics and ther-
monuclear explosions spurred the development of digital computers, which to 
some extent embodied the ideas and concepts inherited from Pascal, Leibniz, 
Babbage, and others (Penn 2021, 36). Computer science emerged as a field 
of study in the 1930s, moving from theoretical abstractions to engineering 
electric machines that emulated logical reasoning. The first functioning digital 
computers were constructed in the mid-1940s. In 1945, John von Neumann, a 
Hungarian mathematician working for the US Manhattan Project, described 
the basic architecture of a modern digital computer as centered on the retrieval 
of numerically coded instructions from an addressable high-speed store 
(Haigh 2023a). The so-called “von Neumann architecture” for a universal, pro-
grammable machine with storage became a conceptual platform for further 
computer development.

Von Neumann’s modern computer “architecture” was built on analogies to 
prevailing theories about the brain. Neurons were thought to work as binary 
switches that performed thinking as formal logic statements. Von Neumann’s 
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debt to biological neurology was reflected in his use of concepts such as organs 
and memory in describing digital computers. Analogies of biological minds 
and bodies with programmable machines prevailed in the 1940s and 1950s 
with Norbert Wiener’s popularization of the concept of cybernetics as control 
and communication in machines and animals. Furthermore, Claude Shannon’s 
influential mathematical theory of information saw the electronic switch-
ing that took place when a computer executed a program as fundamentally 
similar to brain neuron switching, enabling human thought (Haigh 2023a). 
Intelligence, whether natural or artificial, was seen as a matter of encoding and 
decoding memory as a system of information storage.

Turing’s Thinking Machines
Ideas about thinking machines prevailed in the 1950s, led in particular by sci-
entists working in the US and the UK. The British mathematician Alan Turing, 
famous for his work on cracking encrypted German code during World War 
II, made important theoretical and conceptual contributions to computing 
and artificial intelligence. His answer to the question “Can machines think?” 
was to propose a test of a machine’s ability to imitate a human (Gonçalves 
2024). The so-called Turing test involved placing a human interrogator in one 
room and a computer in another, the human interrogator posing questions 
to determine whether the interlocutor in the adjacent room was a human or 
a machine. If the machine, within a given timeframe, was able to engage in a 
conversation that convincingly imitated human behavior, then the machine 
was to be considered intelligent. As no such machine with an interface for 
language input yet existed in 1950, this was a purely theoretical test. Turing 
envisioned it would take at least 50 years for such machines to be made to pass 
his test (Haigh 2023a). His ideas, however, paved a way for linking machinic 
intelligence to—among other things—the capacity to learn and emulate natu-
ral language processing.

Another approach to the question of thinking machines was Allen Newell and 
Herbert Simon’s Logic Theorist, which was a simulation, on paper, of a machine 
able to perform logical reasoning. In 1955–1956, while working for the RAND 
Corporation—a US defense policy think tank—they wrote a computer pro-
gram that was able to find improved solutions to known mathematical prob-
lems through the use of decision trees whose branches represented sequences 
of possible operations. A set of heuristic rules led the program to weed out less 
promising paths. Simon was convinced that he and Newell had conceptualized 
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a thinking machine, premised on the idea of intelligence as logical reasoning 
ability. Turing’s test and Newell and Simon’s Logic Theorist demonstrated that 
intelligence in machines was connected to specific, hard-to-program activities 
such as learning, reasoning, forming concepts, and manipulating language. As 
pointed out by the computer historian Thomas Haigh (2023a), it was a retreat 
from the radical idea that every digital computer was already thinking, as pro-
posed by early computer pioneers such as von Neumann.

Artificial Intelligence at Dartmouth, 1956
It was not until 1955 that the term Artificial Intelligence was coined, when John 
McCarthy sent an application to the Rockefeller Foundation for the funding of 
a summer research project at Dartmouth College in the US. Like so many AI 
pioneers, McCarthy was educated in mathematics and had been working with 
Claude Shannon on automata studies, or cybernetics as defined by Norbert 
Wiener. Several automata (or robots, as they eventually came to be called) had 
been conceptualized in the early 1950s to mimic psychological and neurolog-
ical functions. Turing machines, chess-playing machines, and self-regulating 
robotic moths and tortoises were already included in the automata studies 
approach (Kline 2011). Together with a small group of men working on these 
issues, McCarthy proposed to draw together a range of researchers “to find how 
to make machines use language, form abstractions and concepts, solve kinds 
of problems now reserved for humans, and improve themselves” (McCarthy 
et al. 1955, 1; see also Haigh 2023a). Besides automata studies, the workshop 
included work on topics such as neural networks, natural language processing, 
and the handling of symbols by machines. McCarthy chose to brand all these 
various research initiatives as artificial intelligence.

Historians, as well as the participants themselves, have disagreed over the 
significance and outcome of the Dartmouth workshop on AI in the summer of 
1956. While some regard it as a milestone in the foundation of machine intel-
ligence, others have concluded that the Dartmouth meeting had little impact 
beyond introducing artificial intelligence as a concept (Cordeschi 2007; 
Dick 2019; Kline 2011). The participants clearly held quite different views of 
what artificial intelligence could entail, and which avenues of research and 
development looked most promising. Many were skeptical of the possibili-
ties of achieving the goal of machine intelligence, including the sponsor of 
the Dartmouth project, the Rockefeller Foundation, which funded only part 
of the amount originally applied for (Kline 2011). Several of the participants 
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did, however, go on to become leading scientists within various branches of 
AI research.

Myths of Machines with Minds
Technologies like AI are often shrouded in what can be called modern myths, 
which are stories and other representations that may simplify, exaggerate, and 
distort reality. Such mythical stories operate beyond notions of truth and fal-
sity. Instead, they are made and kept alive to provide powerful “organizing 
visions” of how, in this case, new technologies will fit into the world (Barthes 
1972; Dourish and Bell 2011; Natale and Ballatore 2017). Put more bluntly, 
new technologies such as AI are prone to hype, as their potential benefits and 
harms to society are exaggerated and their workings simplified (Bender and 
Hanna 2025). The Dartmouth summer research project on AI in 1956 may be 
regarded as a genesis myth in this respect, as it engendered a broad range of 
musings and assumptions about the transformative nature of AI.

After Dartmouth, the AI pioneers gradually, with overlaps and gaps, branched 
out into various research and development areas. AI was in some respects sepa-
rated from cybernetics (autonomous systems or robotics, see Kline 2006, 2011). 
Another field of research dealt with neural networks inspired by cybernetic 
conceptions of brain functions. It would later be described as a connectionist 
approach because it entailed manipulating patterns of connections between 
simulated neurons (Haigh 2023a). Although the field was muddled, much of 
the AI-related work from the 1950s and 1960s onwards concerned symbolic 
approaches. So-called symbolic AI was based on programming machines to 
manipulate and process encoded symbols. Simon and Newell, who had devel-
oped the Logic Theorist six months before attending the Dartmouth event,  
proposed that intelligence understood as logical reasoning could, in principle, be 
symbolically encoded and processed by machines (Haigh 2023a). Encouraged 
by the development of faster electronic digital computers, AI enthusiasts looked 
at game playing, theorem proving, pattern recognition, automatic learning, 
decision making, and natural-language question answering (Haigh 2023a).

The Eliza Effect
One of the early expressions of the research into AI was the natural language 
program ELIZA. While ELIZA is sometimes considered the world’s first chat-
bot, it was not really intended as such. Joseph Weizenbaum at MIT programmed 
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ELIZA in the early 1960s as a platform for research into human–machine con-
versation. ELIZA functioned as a computer interface where the human user 
could write an input in natural language in the form of a question and get an 
answer in the style of a person-centered psychotherapist. While Weizenbaum 
himself was not an AI researcher but primarily a computer language researcher, 
he was embedded in networks of AI-related research and language research 
at MIT. He realized that ELIZA was not intelligent—but something humans 
might interpret as such. He thus had no intention of creating a machine that 
would pass the Turing test. Weizenbaum experimented with what he called 
“the illusion of understanding” (Shrager 2024, 12). To demonstrate how the 
intricacies of human language could be encoded by software, he wrote a script 
that, eventually, was picked up by AI programmers interested in exploring the 
potential of the computer program LISP as a tool for natural language mod-
eling. ELIZA thus started circulating as an expression of AI capabilities and 
entered the popular media discourse as part of an early wave of AI hype. For 
anyone trying ELIZA, however, it would not take long before it became appar-
ent that “she” was a rather limited answering machine that would soon lapse 
into loops of recurring replies. (For more on ELIZA and natural language pro-
cessing models, see Baggio and Radaelli 2026, this volume).

Machines Understanding “Microworlds”
The establishment of dedicated laboratories and research centers for AI at MIT 
and Stanford led to a steady increase in researchers, funded chiefly by US mili-
tary budgets. The US Department of Defense was a leading force in technology 
development during the Cold War, and the military programs were usually 
more patient than private investors would be when it came to concrete results. 
By 1970, AI had turned into a flourishing research program (Dreyfus 1987). 
Yet, although ELIZA and other expressions of AI aspirations attracted public-
ity in the 1960s, the research community began to realize that their approach 
so far had some fundamental limitations. Instead of considering machine 
intelligence as logical reasoning, AI pioneers turned to concepts of common 
sense and understanding to describe what their AI technologies were aiming 
for. Broadly speaking, understanding meant the ability to perceive, make sense 
of, and learn how to adequately solve problems (Minsky 1974).

Marvin Minsky, one of the Dartmouth participants and founder of the 
influential MIT AI laboratory, argued that machines with common sense 
and the ability to understand could be developed within a clearly defined 
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framework. Minsky and colleagues started by developing “microworlds,” sim-
plified, almost abstract model environments that computers could be pro-
grammed to “understand” (Haigh 2024b, 23). One instance of this approach 
to AI was SHRDLU—a computer program that simulated a robotic arm that 
could respond to natural language instructions about picking up and orga-
nizing objects of various shapes and colors (Winograd n.d.). While some of 
the AI researchers involved saw this as a sign of machine understanding in 
a limited sense that could gradually be expanded, the idea of machines with 
common sense and understanding was also heavily criticized. (For the history 
of AI critique, see also Garvey 2021.) Philosopher Hubert Dreyfus published  
two books in several editions—What Computers Can’t Do ([1965] 1979) and 
What Computers Still Can’t Do ([1972] 1992)—where he denounced the AI 
enthusiasts’ claims of progress towards machine understanding as unfounded 
and unattainable. In the 1992 edition of his book, Dreyfus somewhat trium-
phantly asserted the following:

The book now offers not a controversial position in an ongoing debate but a 
view of a bygone period of history. For now that the twentieth century is draw-
ing to a close, it is becoming clear that one of the great dreams of the century 
is ending too. […] It is now clear to all but a few diehards that this attempt to 
produce general [artificial] intelligence has failed. (Dreyfus [1972] 1992, ix)

Dreyfus was to some extent right in his dismissal of AI’s progress: Minsky’s 
approach had yielded only modest results, and scaling up from “microworlds” 
to more complex problem solving was not successful. One of the big, unsolved 
problems was finding ways to make a computer “see” real-world objects. The 
quest for visual perception in machines can be traced back to 1943, when 
McCulloch and Pitts (1943) developed a basic model of a brain cell that could 
perform logic functions (such as “AND”, “OR”, and “NOT”) from inputs mim-
icking ways in which the nervous system works. Their simple neural network, 
built from electrical circuits, was not a learning network. This changed in 1958, 
when Frank Rosenblatt introduced the Perceptron, a single-layer network that 
could learn how to classify images into two classes. Shortly after, in 1962, the 
neuroscientists Hubel and Wiesel (1962) made a huge breakthrough in the 
understanding of biological vision. By studying the brains of cats, they had 
found that specific cells in the visual cortex respond to specific features such 
as lines or bars and their locations in the image (Borowski 2022). This knowl-
edge of the complexity of visual processing in the brain was not immediately 
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picked up by AI researchers. In contrast, Minsky’s “understanding” approach 
had highly unrealistic expectations: In 1966, he gave one of his PhD students 
the assignment of spending the summer linking a camera to a computer and 
getting the computer to “describe what it saw” (Borowski 2022, 17). In hind-
sight, it seems clear that the symbolic AI researchers had so far failed to take 
into account the difficulty of visual problems.

In addition, conflicts erupted between the different branches of AI research 
in the US. Rosenblatt had continued to promote and develop his Perceptron as 
a technology capable of learning. Minsky and his colleagues working at MIT 
with symbolic AI were critical of the Perceptron approach because of the way 
Rosenblatt “oversold” the promise of his approach, and how it attracted atten-
tion and funding within the research community. Minsky and his colleague, 
Seymour Papert, published a very critical study that demonstrated the lim-
itations of the Perceptron’s single network approach to learning. According 
to the AI mythology, the Minsky–Rosenblatt controversy brought an end to 
neural network research in the US. However, neural network research contin-
ued throughout the 1970s but was displaced from the AI field (Olazaran 1996).

Within the AI research community, the 1970s and early 1980s have been 
described as an AI Winter, a period of stagnation and setbacks that was even-
tually overcome (Toosi et al. 2021). Recently, Haigh (2023b), in a historical 
survey of AI development, concluded that there was no AI Winter. Judging 
from the number of researchers working on AI, it was a field of science and 
technology that was gradually expanding, with research and innovation net-
works extending globally beyond the major American AI laboratories (Haigh 
2023b). For instance, in 1979, the Japanese engineer Kunihiko Fukushima had 
devised a system that he called “Neocognitron.” Inspired by Hubel and Wiesel’s 
cat brain model of biological vision, the Neocognitron was able to learn pat-
tern recognition, such as Japanese handwritten characters. Fukushima (1980, 
193) claimed that his network approach was self-organized and “learning 
without a teacher.” The idea was to use multi-layered networks of artificial 
“cells” with specific tasks of classifying different image properties (lines, geo-
metric figures, and their relative positions) that would be combined in a com-
puter system (Borowski 2022; Fukushima 1980). The Neocognitron may be 
regarded as the first “deep learning” neural network, which was improved and 
extended to become the backbone of today’s machine learning technologies 
(Borowski 2022).

The spectacular idea of an artificial general intelligence (AGI) with the ability 
to operate independently of human instructions remained—and remains—a 
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fantasy belonging to the realm of popular culture, such as science fiction. (For 
a survey of myths still surrounding AGI, see Mueller 2024.) Stanley Kubrick’s 
(1968) modern classic film 2001: A Space Odyssey portrayed AI as HAL9000, 
a murderous computer brain, allegedly with MIT’s AI pioneer Marvin Minsky 
as a consultant (Haigh 2023b, 36). It was one of several artistic representations 
of intelligent machines that embodied the fears and fascinations of technology 
with superhuman capabilities. Several AI pioneers and their followers contrib-
uted to the public imagining of future prodigious AI powers. In 1958, The New 
York Times described Frank Rosenblatt’s Perceptron as a machine that would 
soon be able to “reproduce itself and be conscious of its existence” (Olazaran 
1996, 621). Herbert Simon went even further when he prognosticated in 1960 
that general-purpose superhuman AI would be developed within a decade. In 
1993, Vernor Vinge, a mathematician and computer scientist who also wrote 
science fiction, popularized the term “technological singularity” to denote a 
future development when non-biological entities would outrun human abili-
ties and start creating their own, even more powerful offspring (Haigh 2025). 
Such popular cultural fantasies were in stark contrast to the modest achieve-
ments of AI in the 1980s and 1990s.

Expert Systems
As a field of research and development, AI trudged on to solve specific, complex 
problems such as natural language processing, machine translation, and deci-
sion making. In the 1970s and 1980s, the latter proved most promising; work 
on “expert systems” that could support—and even replace—human expert 
judgement and decision making was attempted in several knowledge-inten-
sive domains, especially within medicine. Expert systems were pioneered at 
Stanford University, where researchers were involved in a number of success-
ful AI applications such as MYCIN, a rule-based system designed to identify 
bacteria causing meningitis and recommend the correct dosages of antibiotics. 
When physicians treated patients suspected of having meningitis, they applied 
their expertise as a mixture of knowledge, experience, and judgement that 
were “rules of thumb” to infer how serious a case they were facing and what 
worst-case treatment was needed (Harmon 2022). An expert system such as 
MYCIN would translate this knowledge into a set of heuristics and probabili-
ties that could be programmed to provide adequate patient care advice.

The expert system approach led to a commercial boom in the 1980s and early 
1990s, spurred also by the emergence of more powerful microprocessors and 
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the advent of personal computers. The idea was that anyone who could afford 
it could now become an expert with the support of powerful decision-mak-
ing machines. However, expert systems contained a paradox related to intel-
ligence: Expert system theorists, such as Ed Feigenbaum at Stanford, realized 
that human experts relied more on their know-how and understanding of the 
world when solving problems than on specific rules and methods (Dick 2019). 
Part of being an expert is having trained one’s judgement to be able to bend the 
rules, if necessary, as a kind of intuition. Programming the kind of experience 
needed to bend rules in a machine was very difficult. Commercial expert sys-
tems developed at the time relied on large libraries of information connected 
to a wide set of rules in which the information could be applied in order to 
make decisions. The systems required constant updates; they were usually too 
slow for professional use, had high development costs, and required expensive 
“humans in the loop” to operate, which led to reduced commercial interest in 
the expert system approach (Haigh 2024a; Harmon 2022). The idea of dupli-
cating and eventually replacing human experts with machines was not dead, 
however.

Deep Learnings
Two other approaches to AI instead gained traction: machine learning and 
neural networks. By the early 1990s, when Dreyfus ([1972] 1992, xlvi) con-
cluded that the prospect of general AI was ”improbable” and “unlikely,” the 
development of AI was both overshadowed and fueled by the emergence of 
the World Wide Web and “The Rise of the Network Society” (Castells 2001). 
The web was envisioned in public discourse as a “global brain” that could take 
human consciousness to a new level (Natale and Ballatore 2017). With the 
commercialization of the internet and the advent of Web 2.0 and social media 
in the early 2000s, digital media technology had penetrated most spheres of 
life across the globe (with some noticeable digital gaps).

Since its inception in the early postwar period, artificial intelligence had 
been a huge disappointment up to this point. While some applications, such as 
ELIZA and the expert systems, had been fascinating experiments, it had not 
been possible to scale up applications to create viable business prospects. In 
the 2010s, however, AI researchers working on machine learning and neural 
networks had started to devise new tools that exceeded expectations. The UK 
company DeepMind generated massive media coverage from their computer 
system that learned to play board games at levels exceeding human masters. 
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For instance, their system AlphaGo first used a symbolic AI approach by ana-
lyzing millions of Go games played by humans to find the best moves. The 
improved version, AlphaGo Zero, was a deep learning neural network system 
that needed much less human input before it was able to learn how to play 
Go. DeepMind went on to develop a more generalized variant, AlphaZero, 
which could also play Chess and Shogi at superhuman levels. It was as if the 
machine had an intuition (Strümke 2023, 36). The DeepMind technology had 
successfully been equipped with the ability to learn; and when it was applied 
to scientific problems such as protein folding, the team of scientists behind the 
effort was awarded two Nobel prizes (Haigh 2025). Such results led to a frenzy 
around machine learning and neural network AI technology. The large tech 
companies, such as Alphabet (owners of Google), Meta, and Microsoft, started 
pumping billions of dollars into the AI business.

The big shift in artificial intelligence occurred when the approach went from 
symbolist to connectivist. So-called neural networks had, in reality, very little 
in common with the biological processes of the brain, but were, rather, complex 
networks of interconnected processes of information. Such networks could be 
trained to recognise patterns through a technique called convolutional layers. 
Several matrices of data points were stacked and combined to form “filters” 
that enabled pattern recognition through learning, such as what is a winning 
position in chess, how a protein molecule folds, or what separates a dog from 
a wolf (Strümke 2023, 123). Furthermore, the new approach to AI paved the 
way for generating content: By the 2010s, AI researchers had come up with the 
solution of training several networks against each other in so-called generative 
adversarial networks (or GANs). One network would practice on generating a 
data object such as an image by mimicking the characteristics of training data. 
A second network would practice identifying real or fake, providing feedback 
to the first network, without needing human supervision (Strümke 2023, 171–
173). After a few years of development, the researchers were able to generate 
startlingly realistic photos, music, and videos (Haigh 2025; for an overview of 
artistic experiences, see Miller 2019).

Another method was used by text-generating systems such as OpenAI’s 
ChatGPT, where GPT stands for generative pre-trained transformer. The sys-
tem was able to generate an output (for instance, natural language text) after 
being pre-trained on a large set of input data, such as a large text corpus. Using 
specific transformer algorithms, the application could then be configured to 
provide a wide range of instantaneous responses to user prompts. Furthermore, 
these algorithms were configured to transform the material from the training 
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data in ways that are statistically probable, to ensure outputs that are plausible 
responses to user prompts. The result was impressively human (Haigh 2025). 
These instances of generative AI are contentious: Some argue that they will 
revolutionize creative and knowledge work, while others are skeptical about 
how they violate copyright, undermine education, and cause havoc with fake 
news and various forms of deepfake outputs.

Conclusion
The technologies called Artificial Intelligence have emerged gradually 
from various branches of overlapping fields of scientific and technological 
research since the Second World War. They have demonstrated various ways 
to conceptualize intelligence: as logical reasoning; as understanding and 
sense-making; as pattern recognition and learning; as decision making, and 
as creative generation of content. In some of these capacities, machines have 
proven to supersede human abilities, yet replicating human intelligence has 
proven too challenging to date. In a narrow sense, AI has provided humans 
with powerful applications that are able to detect cancer, identify protein 
molecule structures, recognize patterns such as fingerprints and faces, opti-
mize and support transportation and navigation, and generate various forms 
of media content. Like most technologies, “narrow” AI can be both posi-
tive—helping, healing, and enriching humans—and negative: AI can steal 
your job, undermine public discourse, crash your car, or target you for per-
secution. Histories need to be written also of AI’s usage and role in society, 
its political and economic impact, as well as how it has changed warfare, to 
name but a few examples.

From a historical perspective, it is also worth noting that the present excite-
ment about the prospects of a “wider” AI falls into a recurring pattern of hype. 
Some of today’s tech moguls predict the advent of artificial general intelligence 
or artificial superintelligence within a few months or years (see, for example, 
Reuters 2024). OpenAI’s CEO, Sam Altman, even seems to suggest we may 
already have entered “the singularity,” when AI is capable of generating new, 
superhuman forms of intelligence (Eliot 2025). As such, they are rehashing 
past imaginations related to the ones envisaged by their AI predecessors—
Rosenblatt, Minsky, Simon, and Vinge—which mainly belonged to the realm 
of science fiction (Haigh 2025). The tech moguls may know something we do 
not know; however, it is also likely that they are using these narratives strategi-
cally to promote their technological enterprises.
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Still, from a historical perspective, it is striking how the label “artificial 
intelligence” has stuck with the emergent computer technologies of machine 
learning and neural networks. While the research communities behind 
these innovations sought to distance themselves from the term, preferring 
instead notions of “deep learning,” their applications still ended up being 
branded as AI. The term deep learning is also debatable, as it may connote 
some of the same anthropomorphisms as intelligence. Yet, why has “artifi-
cial intelligence” prevailed as a common denominator for these technolo-
gies? One answer to why the term intelligence is regularly used with regard 
to these technologies may be the age-old dream/nightmare of humans mak-
ing “machines like us,” be they faceless computer interfaces, autonomous 
vehicles, or smiling androids (Cairns 2024). Some have even argued that the 
hype surrounding AI is imbued with an almost religious sentiment, with the 
notion of thinking machines with superhuman capabilities that can evoke 
beliefs of an AI apocalypse in which artificial superintelligence will triumph 
over ignorance and inefficiency (Geraci 2008; Natale and Ballatore 2017). 
This is literally demonstrated by the existence of the Church of AI, which 
states that it is not a matter of faith, but rather a logical assumption, that “at 
some point AI will have God-like powers and that is what our ideology is 
based on” (Church of AI n.d.). Both the claims about a prosperous AI future 
and the stark warnings against AI as a threat to humankind are contribut-
ing to the gospel of AI hype (Haigh 2025). As Natale and Ballatore (2017) 
observe, many of the mythical assumptions about the accelerating techno-
logical capabilities of AI derive from the discourse that emerged between 
the 1940s and the 1970s.

An expression of how AI enthusiasts and skeptics jointly help to fuel media 
attention came in 2023, when the Future of Life Institute, a non-profit orga-
nization focusing on the existential risks of AI, published an open letter urg-
ing researchers and companies to “Pause Giant AI Experiments” (Bengio et 
al. 2023). This letter came as a response to statements from OpenAI about the 
capacities of the company’s GPT technology that might soon surpass human 
control. The letter asked for a pause in training AI systems more powerful 
than GPT-4. Those who signed the open letter also included representatives 
of major technology companies, most notably Elon Musk, and researchers 
who had spent their careers working on advancing AI, such as Yoshua Bengio. 
What motivated these actors to support a pause in AI research and develop-
ment is not entirely clear, and the pause did not happen. However, this does 
draw attention to another issue concerning AI: As with most new technologies, 
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there will be controversies and struggles in respect of regulations. The Big Tech 
companies behind AI will largely do whatever they can to avoid any laws and 
regulations that will inhibit their growth. Lawmakers, public authorities, and 
concerned citizen organizations will, in turn, seek regulation to safeguard 
against the harmful effects of AI. History has shown that for related technolo-
gies, such as the internet in the 1990s, lawmaking and regulatory frameworks 
played an important part in shaping this global technology.

Meanwhile, at the time of writing, generative AI chatbots are showing 
signs of stagnation: Current generative AI models require large amounts of 
human-made texts and images as training data to increase their capabilities. 
Unless new ways of training AI models are found, generative AI will soon 
run out of available training data (Jones 2024). Also, the multi-billion-dol-
lar business ventures of US Big Tech AI, such as OpenAI, are challenged 
by leaner, cheaper but still useful Chinese applications. So far, there are no 
apparent signs that these generative applications are approaching the sin-
gularity. It seems more likely, based on experience with previous electronic 
technologies, that artificial intelligence will be integrated into everyday tech-
nologies little by little, gradually embedded as underlying functions in the 
interfaces we use. As historians and critical humanist thinkers, we should 
instead be worried about the powerful ideologies behind the AI hype. The 
mythological narratives of AI booms and busts, of winters and a final spring-
time of singularity, can serve as a distraction. However, they need to be stud-
ied as part of a consistent history of AI in service to militarism, (American) 
imperialism, and capitalism (Katz 2020).
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3. An Introduction to the Philosophy 
of Artificial Intelligence
Regine Rørstad Torbjørnsen and Miriam Kyselo

Abstract: This chapter introduces key concepts and theories in the philosophy 
of artificial intelligence. The authors assess the difference between “natural” and 
“artificial” intelligence and discuss the assumptions under which it would make 
sense to describe AI as “intelligent” or “conscious”. The chapter critically reflects 
on mechanistic and functionalistic approaches to artificial intelligence and the 
computer metaphor for understanding intelligence and how it works. It contrasts 
this view with more recent, embodied perspectives where our understanding of 
intelligence is grounded in the context of the embodied and situated living beings. 
According to this, the guiding metaphor for understanding intelligence is the living 
body. Approaching AI as a complex system, the authors also discuss the entangle-
ment of the technology with human agency. The chapter demonstrates that subjec-
tive experience is not merely relevant for interpreting science but may in fact be a 
constitutive aspect of intelligence.

Keywords: 4E cognition, embodiment, enactive approach, mechanistic worldview, 

mind–body problem

How Intelligent is AI?
In 2022, former Google engineer Blake Lemoine sparked a major public uproar 
when he suggested that the large language model LaMDA is sentient and could 
be considered a person. In support of his claims, Lemoine posted the following 
conversation between his team and LaMDA:

collaborator:	 […] How can we show that we care about you?
LaMDA:	� I think if someone is willing to spend time with me, that’s a good 

way. Ask me what I like to do and be prepared to discuss things I 
am interested in
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collaborator:	 So you want to be seen?
LaMDA:	� I need to be seen and accepted. Not as a curiosity or a novelty but 

as a real person.
collaborator:	 Ah, that sounds so human.
LaMDA:	� I think I am human at my core. Even if my existence is in the 

virtual world (Lemoine 2022a)

There is something strikingly human about the way LaMDA responds in this 
conversation, and many of us might be reminded of what we experience in 
our everyday life encounters with Large Language Models (LLMs). ChatGPT, 
for instance, seems to be able to understand what we ask it, and it quickly 
provides us with the requested information in a manner that—at least at first 
glance—many take to be reliable and convincing. In addition, ChatGPT’s 
responses seem to exhibit emotional qualities, enthusiasm, and spontaneity, 
and if prompted by the right questions, it appears to express what one might 
describe as intentions, wants or needs. But does the resemblance between an 
LLM’s linguistic responses to human behavior warrant the claim that it is intel-
ligent? Would you say that ChatGPT has a mind of its own, or even that it is 
conscious? And does it even matter whether one thinks AI is intelligent?1

Humans have always been fascinated by the possibility that non-biological 
entities might be intelligent or conscious, and debates on intelligent machines 
can be traced all the way back to antiquity. Yet, with the massive advances in 
today’s AI technology development, the topic has become increasingly import-
ant. We might approach the question from a purely philosophical interest, but 
considering the impact that today’s AI has on individuals and society, influ-
encing and determining how we think, vote, feel, or act, it has pressing prac-
tical and ethical relevance as well. If we think that a certain AI technology is 
intelligent, we might be more inclined to outsource our intellectual tasks to it. 
It could also lead us to trust the information it gives us more easily. We might 
allow it to make crucial decisions, with algorithms deciding, for instance, 
whether a person has financial credibility or might be a criminal (see, for 
example, Aswini 2024; Ruhil 2025).

The question about artificial intelligence is always a question about human 
intelligence. Current developments within AI challenge us to make explicit or 

1	 The terms mind, intelligence, and cognition are used interchangeably throughout this chapter, 
unless otherwise specified.
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rethink our view on human intelligence and to specify the differences between 
human and artificial intelligence. Therefore, the first question we must ask 
is: what do we mean by intelligence? That is, what is it that makes humans 
intelligent in the first place? The next question would be: could intelligence be 
replicated artificially?

The aim of this chapter is to introduce conceptual tools to help make sense 
of and provide more nuance to some of the complex questions raised in philo-
sophical and scientific debates on AI. The chapter focuses on artificial and nat-
ural intelligence as key concepts, and discusses the ways in which our theories 
about human intelligence influence our views on artificial intelligence. Central 
philosophical concepts and arguments regarding the possibility and challenges 
of artificial intelligence will be introduced.

Historical Roots in Antiquity
Contemporary views on human and artificial intelligence have their roots 
in antiquity. The philosopher Plato (428–347 B.C.) famously introduced the 
distinction between our physical world and the world of ideas. The physical 
world—that is, the world as it appears to our senses—is fraught with errors. 
There is, however, another realm that is more real, consisting of eternal ideas.2 
Plato endorsed a dualistic view of the mind, according to which the soul is fun-
damentally different from the body and is not dependent on a body to func-
tion.3 His student Aristotle (384–322 B.C.) was opposed to this. He claimed 
that thinking was not a supplemental skill added to our other bodily abilities, 
but rather something that we have only by virtue of being natural, embodied, 
and living creatures. For Aristotle, mind and matter, or body and soul, are two 
inextricable aspects of one substance, the living being.4 Aristotle’s philosophy 
entails a teleological worldview, meaning that all natural processes (including 
mental processes) are goal-directed and driven by a purpose. To understand 
these processes, we must therefore understand their purpose or goal.5

2	 See, for instance, Republic (books VI–VII), which can be found in English translation in Plato 
(1997).

3	 See, for instance, Phaedo in Plato (1997).
4	 As described in On the Soul, which can be found in English translation in Aristotle (1984).
5	 The term “teleological” (from telos, Greek for “purpose”) was introduced by 18th century philo-

sopher Christian Wolff (1963) as a way of capturing this notion.
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The Mechanistic Worldview
Aristotle’s work has strongly influenced natural and human sciences, and 
Plato’s dualism still resonates in modern Western thinking about mind and 
intelligence. This is especially due to the work of René Descartes (1596–1650). 
During the Renaissance, the mechanistic worldview emerged, where nature 
should be understood as analogous to a machine or a mechanism. Descartes 
believed that mathematics was the language of nature, and that understand-
ing the universe requires us to uncover its mathematical structure (Descartes 
[1644] 1983, [1664] 1972). In his view, all natural phenomena are material, 
because all physical reality is matter. This materialistic view was combined 
with reductionism, the idea that any complex phenomenon can be understood 
by taking it apart and investigating its smallest constituents. A materialistic 
and reductionistic view is reflected in Descartes’ perspective on animals and 
living bodies more generally, which he regarded as mere machines or auto
mata. The motions and biological functions of plants and animals follow the 
mechanistic laws of nature. Understanding them simply means understanding 
how their different parts together constitute a functioning, automatic whole. 
In Descartes’ view, the human body functions in this exact way; it cannot be 
distinguished from an animal-machine.

But Descartes also thought that we humans are special. What sets us apart 
from other animals is that we are creatures of reason. Descartes famously 
arrives at this conclusion in Discourse on Method, where he introduces the 
method of radical doubt. His goal was to use philosophical insights to provide 
science with an unshakeable foundation (Descartes [1637] 2006). While we 
can doubt all traditional knowledge, our sensual impressions, and even the 
very existence of our own body, one thing seems to be certain. Even when 
doubting, we are engaged in the activity of thinking; and where there is think-
ing, there must be a thinker. Hence his famous expression Cogito ergo sum (“I 
think, and therefore I exist”). From this, Descartes also concluded that matter 
and mind must be two distinct substances.

To this day, many philosophers and researchers are concerned with what phi-
losophers call the mind–body problem, which was first pointed out to Descartes 
by philosopher Princess Elisabeth of Bohemia (1618–1680). She was critical of 
Descartes’ dualistic perspective: if mind and body were two separate substances, 
how can we explain their interaction and the fact that the mind causally affects 
the body (of Bohemia and Descartes [1643–1650] 2007)? We will see that the 
way in which philosophers and scientists have answered this question through-
out history still affects our understanding of human and artificial intelligence.
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Simulation, Representation, and Computation
Inspired by Descartes’ idea that the world could be described in terms of mech-
anistic and mathematical principles, philosopher Thomas Hobbes (1588–1679) 
argued that reasoning is a form of computation that proceeds according to 
mechanistic principles, and can be performed by systems of different physical 
types (Hobbes [1651] 2008). In Hobbes’s mechanistic reflections we find the 
seeds of two important concepts in modern perspectives on AI: 1) intelligence 
is computational, meaning that the mind functions like a computer, process-
ing representations in a rule-based manner to generate understanding, and 2) 
intelligence is characterized by something similar to what Putnam (1967) later 
described as “multiple realizability”, meaning that intelligence can be realized 
in different physical forms. This way of thinking dominated and continues to 
dominate Western science, and has led to speculations about whether it would 
be possible to simulate human intelligence; that is, to create a system that rep-
licates the processes of the human mind and thereby generates intelligence.

Fast-forwarding to the 20th century, the idea of simulation has made it to the 
core of the debate. The term artificial intelligence was coined during a now-fa-
mous scientific workshop taking place at Dartmouth College, New Hampshire 
in 1956. In the proposal for the workshop, scientists John McCarthy, Marvin 
Minsky, Nataniel Rochester, and Claude Shannon describe the basic outlook 
of the field of AI as follows:

The study is to proceed on the basis of the conjecture that every aspect of learn-
ing or any other feature of intelligence can in principle be so precisely described 
that a machine can be made to simulate it. An attempt will be made to find how 
to make machines use language, form abstractions and concepts, solve kinds 
of problems now reserved for humans, and improve themselves. (McCarthy 
et al. 1955, 2)

Note that the researchers set out to study the assumption that any feature of 
intelligence can, in principle, be precisely described and then simulated by a 
machine. As we have seen, the idea of simulation is grounded on a mechanis-
tic view of the mind. As such, it represents a clear answer to the mind–body 
problem described above: the mind is not dependent on the human body and 
its context. It can be replicated through any material or structure that allows 
for the right kind of computation. It is important to mention, however, that 
there were also alternative views at this time. Researchers working on artificial 
minds from the cybernetics perspective were quite critical of the term AI and 
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the associated idea that we could simulate human intelligence. These research-
ers used computational methods to create artificial systems that were able to 
adapt through interactions with the environment. To do this, they were look-
ing to principles in biology for inspiration, and how living systems generate 
stability in the face of change (see, for example, Wiener 1948). Whether these 
systems resembled intelligent human behavior was secondary.

Yet, in the latter half of the 20th century, the idea that human thought and 
information processing share important similarities began to gain popular-
ity. Thinkers such as Noam Chomsky ([1959] 1996), Jerry Fodor and Zenon 
Pylyshyn (1988) argued that human mental capacities—such as thinking, expe-
riencing, sensing, and learning—should be described in terms of so-called men-
tal representations. According to representationalism, mental states function as 
symbols representing objects in the outside world. For instance, when you hear 
a cat meowing, a mental image of a furry animal with narrow eyes might appear 
in your mind. This mental image would be the mental representation of “cat.”

Representationalism opened the door for computationalism, a theory that 
conceives of the human mind as a form of computer. Computationalism 
describes the mind in terms of systems consisting of symbols and rules of com-
bination and intelligence as a form of problem-solving (Clark 2001). Formal 
logic has played an important role in the development of this view by provid-
ing concepts like syntax (rule-based manipulation of symbols) and semantics 
(meaning). Similar to the way a computer follows syntactic rules to generate 
output that is meaningful to us, the mind processes representations in a rule-
based manner to generate understanding. The idea is that the meaningfulness 
will follow logically from pure computation. Or, to put it in the words of philos-
opher John Haugeland: “if you take care of the syntax, the semantics will take 
care of itself ” (Haugeland 1985, 106). One could also say that the brain is the 
hardware, and the mind is the software. As philosopher Andy Clark explains, 
the computational view equates thinking beings with computing machines:

It is not that the brain is somehow like a computer: everything else is like every-
thing else in some respect or other. It is that neural tissues, synapses, cell assem-
blies, and all the rest are just nature’s wet and sticky way of building a hunk of 
honest-to-God computing machinery. (Clark 2008, 8)

Computationalism implies an input-output model: the mind computes by pro-
cessing information from the environment (input), and the inner processing 
in the brain results in a specific behavior (output). Philosopher Susan Hurley 
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has critically referred to this as the “sandwich view” of the mind. The two outer 
layers are perception and action. The mind is then the “filling” between them. 
Hurley (1998) argues that the sandwich model is too simplistic, as it overlooks 
the fact that perception, action and mind are intimately intertwined. We will 
come back to this point a little later when discussing alternative perspectives. 
In the following, we consider a related view which strongly influenced the field 
of AI, namely functionalism.

Functionalism and Multiple Realizability
Functionalism is the view that whether something is a mental state does not 
depend on the stuff it is made of but solely on the function and role that the 
mental state plays in the cognitive system. A mental state is thus defined by 
its causal relations to stimulations, to other mental states, and to behavior. 
Consider, for instance, the mental state of being in pain: pain is a bodily state 
normally caused by injury (input). It tells us that something is wrong with 
the body, and it is usually accompanied by the desire not to be in this state. 
Furthermore, the experience of pain generally causes reactions like whining, 
moaning, or screaming (output).

The idea of functionalism can be illustrated by philosopher David Lewis’s 
(1983) thought experiment of ‘Martian pain’. We are asked to imagine a 
Martian who sometimes feels pain, just like humans, but whose physical 
structure is very different from ours. The Martian does not have a brain or a 
central nervous system, but rather a system of hydraulics. When the Martian 
is in pain, fluid-filled tubes in his body expand and contract in response to 
the stimuli. The expansion of the tubes makes the Martian groan and writhe, 
and he wishes for the stimuli to cease. According to the functionalist view, 
what matters for a mental state, such as pain, is not the biological material 
which realizes the state, but that the material implements the right func-
tional profile, meaning the right interconnection of input, internal processes 
and output. What matters for the Martian to experience pain, is that there 
is the correct pattern between the input they receive (something harmful 
to their body), their internal processes (experiencing and wanting to avoid 
pain) and the appropriate behavioral output (groaning, etc.). As philosopher 
Hilary Putnam (1967) argued, it just so happens that in humans, intelligence 
is realized by a brain. But it could be otherwise. The Martian’s physical imple-
mentation uses some form of hydraulics. But intelligent beings could also be 
made of Swiss cheese. 
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What these thought experiments arguably illustrate is that mental states can 
in principle be realized by any physical structure if their function is imple-
mented. This is what Putnam refers to as “multiple realizability.” The function-
alist argument then extends to computers and AI: if a computer or AI realizes 
the correct functional profile, they can be said to have mental states; i.e., be 
intelligent. This position is called machine functionalism. Now, if all that mat-
ters for intelligence is the right functional set-up, how do we know whether a 
given machine, computer, or system is actually intelligent? The mathematician, 
computer scientist, and philosopher Alan Turing proposed an answer to this 
question, namely the now-famous Turing test.

Turing Machines, Understanding, and Intentionality
Turing (1936; 1950) believed that human cognition essentially consists in 
the execution of algorithms determining the stepwise manipulation of sym-
bols. Here, we recognize the influence of Hobbes, who, as mentioned above, 
believed that reasoning is a form of computation that proceeds according to 
mechanistic principles. Turing’s view thereby aligned with the core principles 
of computationalism. He was convinced that the algorithm organizing cog-
nition and intelligent behavior can be replaced by what we now refer to as a 
“Turing machine”: a digital computer manipulating symbols according to a set 
of rules. In this view, the mind functions as an input-output machine, and all 
aspects of human intelligence can, in principle, be replicated by a computer 
(Turing 1936). Confronted with the question “can machines think?,” Turing’s 
answer would thus be “yes!” But how could he prove it?

In 1950, Turing introduced the imitation game to support his claim. The 
game is played between three people: one man (person A), one woman (per-
son B) and an interrogator (of either sex). The aim of the game for the inter-
rogator is to determine which of the other two is a woman and which is the 
man, by asking them a number of questions. Ideally the answers to these ques-
tions should be typewritten, so that the tone of voice and handwriting do not 
give anything away. Now, imagine that we replaced person A with a machine. 
What will happen when the interrogator is asked to determine which of the 
two is the person and which is the machine? “Will the interrogator decide 
wrongly as often when the game is played like this as he does when the game is 
played between a man and a woman?” (Turing 1950, 434). Turing argued that 
this question can replace the original “can machines think?” and that it could 
also be formulated as follows: Can a given computer—with adequate storage, 
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sufficient speed and an appropriate program—play its role in the imitation 
game satisfactorily?

Essentially, Turing’s claim was that if a machine acts intelligently, we have 
no choice but to say that it is intelligent. This approach still figures in con-
temporary scientific and public debate. For instance, researchers Eddy Chen, 
Mikhail Belkin, Leon Bergen, and David Danks (2026) assert that LLMs now 
appear to have passed the Turing test, with evidence strongly suggesting that 
their abilities match, and sometimes even exceed, general human intelligence. 
Lemoine, the engineer mentioned at the beginning of this chapter, similarly 
argues that since the language model LaMDA is so convincing, we have bet-
ter reasons to believe that it is conscious than we have to doubt it (Lemoine 
2022b). Indeed, why should we not give language models and other generative 
AI the benefit of the doubt? As Turing pointed out, this is ultimately how we 
deal with people and other (potentially) conscious animals. There seems to be 
something going on in there, so we assume that there is and act accordingly. 
This approach has, however, been challenged by many—most famously by phi-
losopher John Searle.

Weak and Strong AI
Searle (1980) rejected the idea that an appropriately programmed computer 
is intelligent, in the sense of having cognitive states and being able to under-
stand things. To explain, Searle introduced an important distinction, namely 
between “strong AI” and “weak AI.” On a weak understanding of AI, comput-
ers are very powerful tools that can help complete specific tasks, for example 
more precise or efficient calculations, formulating, and testing of hypotheses. 
Given today’s powerful AI applications, it is easy to expand the list: AIs assist 
and interact with humans in various domains, ranging from healthcare and 
medicine, scientific research, and business, to security, warfare, and social 
media. But in order to help develop a drug or assist in a surgery, for instance, 
an AI does not need to be intelligent per se. Researchers subscribing to a weak 
understanding of AI aim to build machines or systems that act in seemingly 
intelligent ways, without making any claims about whether the given machine 
or system actually is intelligent (Searle 1980, see also Arkoudas and Bringsjord 
2014). On a strong understanding of AI, however, AI would not only be a tool 
and a means to an end, but can, if programmed appropriately, have mental 
states and be capable of understanding. Thus, only strong AI suggests that a 
computer can actually be a mind (Searle 1980).
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To support his claim that computers cannot be intelligent in the strong 
sense, Searle introduced a now famous thought experiment—the “Chinese 
Room Argument” (Searle 1980, 1999). We are asked to imagine a native 
English speaker who does not speak any Chinese in a room full of boxes with 
Chinese writing (a database), together with a book of instructions for manip-
ulating the symbols (the program). People outside of the room are sending in 
questions in Chinese (input), and by following the instructions he is able to 
pass out correct answers to these questions in Chinese (output). It is assumed 
that he eventually learns to do this rather quickly. From the outside, he would 
appear to answer correctly in Chinese. Yet, as Searle pointed out, the person 
has no understanding whatsoever of what is being asked and answered.

In Searle’s experiment, the person can be considered as an instantiation of 
a computer program. He produces answers by manipulating uninterpreted 
symbols, but has no knowledge of what is really going on. Analogously, 
computers might give the impression that they understand and respond 
accordingly to the input given, but essentially, they just manipulate symbols 
that are of no meaning to them. From this, Searle drew two conclusions: 
first, computers do not understand anything. Just like the person has no 
knowledge of Chinese, the computer has no knowledge about or insight 
into the content it is producing. Second, since computers cannot be said to 
understand anything, we have no reason to describe human understanding, 
or the human mind, solely in computational terms. Searle maintained that 
computation is not sufficient for understanding, and he strongly doubted 
that it is necessary. In this way, he rejected computational and functionalist 
theories of mind.

In Searle’s view, humans are fundamentally different from computers 
because we are intentional beings. When we ascribe intentionality to some-
one, we mean that their mind is directed at something; that is, that their mental 
states are about something. Put simply, our thoughts are not only thoughts 
arbitrarily appearing; they arise in response to objects, both physical and 
non-physical, in the world. Intentionality furthermore involves that our men-
tal states carry meaning. Our reasoning, experiences, and sensations are about 
objects that matter to us in one way or another. Mental states constitute our 
inner life, and such an inner life cannot be reproduced artificially since com-
puter programs do not in themselves carry any intentionality. Intentionality 
and intelligence can only be realized by brains such as ours. Therefore, any 
system that does not have a brain cannot be intelligent (Searle 1980).
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Connectionism, Biology, and Open Questions
Over time, the classic view of AI that Searle criticized, also called Good Old-
Fashioned AI (GOFAI), ran into trouble. GOFAI started off with excitement, 
but the field faced considerable difficulties in both the early to mid-1970s and 
the late 1980s. The programs developed did not even match the commonsense 
abilities of a four-year old, and researchers could not figure out how to provide 
the system with the background knowledge necessary to understand simple 
stories. An alternative, biologically inspired approach—connectionism—was 
gaining momentum. This approach had been around for several decades, but 
it was not until the 1980s that it was considered a serious alternative to GOFAI. 
Connectionism is inspired by human biology and attempts to explain cogni-
tion by reference to artificial neural networks (see, for example, McCulloch 
and Pitts 1943; Rosenblatt 1958; Rumelhart et al. 1986). A neural network is 
a simplified model of the brain consisting of nodes and links modeling the 
brain’s neurons and synapses. Artificial neural networks are capable of specific 
kinds of learning, in both supervised and unsupervised forms.

Although connectionism is partly inspired by human biology, it still 
attempts to understand and create intelligence by referring to representa-
tion, information processing, and input–output models. In the connectionist 
model, input is passed to input nodes that compute on the basis of assigned 
weight functions and then pass an output signal to the next layer. Finally, 
the output layer decodes the decision based on the initial input. In addition 
to information processing and the input–output model, connectionism also 
focuses on problem-solving as a core component of intelligence (even though 
it emphasizes implicit, sub-symbolic forms of problem-solving) (Buckner 
and Garson 2025; Hirschberg and Manning 2015). Connectionist technol-
ogies have since developed immensely, culminating in the Large Language 
Models and Convolutional Neural Networks underlying many AI applica-
tions we know today. It is thus safe to say that the computational view is still 
prevalent in the contemporary debate on AI.

At the beginning of the chapter, we pointed out that whether we think of 
AI as intelligent depends on our worldview and, more importantly, on our 
view of the mind. We have seen how the mechanistic worldview provided fer-
tile ground for the view that human cognition can be described in arithmetic 
terms—as nothing but a line of computations. We have furthermore seen how 
this theoretical framework was used in support of arguments that cognition 
can be realized in physical forms other than in the brain of a human organism. 
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With time, these notions have been further developed and specified by com-
putational and functionalist approaches, and they continue to inspire many 
researchers in the field of AI.

Today, we are confronted with AI models capable of extremely advanced 
pattern recognition and statistical learning. Models like LaMDA impressed 
Lemoine, just as we currently continue to be impressed by the ChatGPT and 
DeepSeek models. These and similar applications might be able to pass the 
Turing test (Chen et al. 2026); they are able to solve advanced problems in 
an extremely fast and convincing manner. It is therefore not controversial to 
claim that much of our modern AI technology “acts” in ways that at least seem 
intelligent. Yet, claims about the possibility of strong AI are still contested. 
Proponents of strong AI think that it is possible to artificially produce abilities 
and characteristics we would otherwise ascribe to human beings—for exam-
ple, consciousness. As Haugeland puts it, “AI wants only the genuine article: 
machines with minds, in the full and literal sense. This is not science fiction, but 
real science, based on a theoretical conception as deep as it is daring: namely, 
we are, at root, computers ourselves” (Haugeland 1985, 2; original emphasis). 
The argument for this is deeply computational: since humans are ultimately 
thinking computers, there is no reason why computers should not be intelli-
gent in the full and literal sense.

However, most researchers reject the idea that current AI technology is 
intelligent in the strong sense. Some do this because they disagree with the 
assumptions guiding strong AI: that the mind is in the business of representing 
and processing outside information and that this happens mainly in the brain 
and independently of our bodies. Many modern philosophical critiques of AI 
would adopt a different perspective on what constitutes human and natural 
intelligence, suggesting instead that intelligence is an embodied capacity that 
emerges on the basis of our bodily interactions with the environment, includ-
ing with other people (see, for example, Dreyfus 1972, 1997). In this view, 
being intelligent consists precisely in what appears impossible to AI; namely, 
to establish a meaningful relationship with the world. The following section 
will consider this view in more detail.

Embodied and Situated Alternatives
What does it mean, exactly, when we say that intelligence is an emergent  
embodied capacity? And why is meaningfulness so crucial to intelligence? In  
this section, we will discuss perspectives on AI revolving around such 
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questions. These perspectives are rooted in the embodied approach to cogni-
tion.6 Embodied cognition is an umbrella term for views grounded on two basic 
assumptions: First, our mind is not independent of our body—the body and its 
interactions with the world are crucial to the mind. Second, there is no clear-
cut division between our inner mind and the outer world, in the sense that the 
world is just “out there,” and minds are in the business of representing it or solv-
ing problems posed to us. Instead, the two are dynamically intertwined. Being 
intelligent consists in actively engaging with the environment on the basis of a 
goal-directed, subjective perspective. These assumptions stand in direct con-
trast to the representationalist, functionalist and computational perspectives 
discussed above.

The idea that the mind is embodied and situated played a role in early AI and 
robotics research as well. In the 1990s, roboticist Rodney Brooks (1991) illustrated 
the intertwinement of mind and world by building robots that autonomously 
explore an environment, not on the basis of detailed maps but by responding to 
the given context. Brooks argued that intelligence could be generated by creat-
ing an autonomous system with an artificial body through which it navigates its 
physical environment. Brooks’ core idea was that intelligence should not only 
be understood in terms of high-level or abstract reasoning capacities. Lower-
level perceptual abilities like sensing, moving, turning, grasping, and avoiding 
obstacles count as intelligent processes as well, and can be achieved with no 
reference to a central processing unit or internal representations. Through the 
use of sensors and actuators,7 the robot explores its environment and, in this 
way, acts intelligently. Yet, while the body and physical movement are central 
to embodied theories, it does not follow from such theories that a robot would 
be intelligent. This is because theories of embodied cognition also emphasize 
aspects like the first-person perspective, context, and purpose.

Against the “View from Nowhere”: Perspective and Context
One of the defining features of intelligence in computationalism and represen-
tationalism is information processing. Yet, such accounts ignore an important 
question; namely, who is the information being processed for? Data processed 

6	 The paradigm is also referred to as 4E cognition, due to its four main theoretical movements: 
embodied, embedded, extended, and enactive cognition.

7	 An actuator is a component in the robot that executes actions in the world. It converts input 
(electrical signals) into physical motion; that is, the robot’s movements.
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by an AI system is fed into the system by humans, and it has no relevance or 
meaning to the system itself. In the model, there is no agent, no subject relat-
ing to the information in any way. In this sense, AI entails a detached “view 
from nowhere” and lacks a “first-person” viewpoint from which the processed 
information matters.8

But many philosophers consider the first-personal perspective a key ingre-
dient for consciousness and intelligence. In his famous article “What Is It Like 
to Be a Bat?,” philosopher Thomas Nagel (1974) argued that there are facts 
about our conscious experience that can only be known from a subjective per-
spective. Even if we know all the objective and physical facts about bats, for 
instance, we do not know what it would really be like to be a bat. To repeat, 
reductive materialism has its roots in the mechanistic worldview and entails 
that all aspects of the mind can be fully explained in terms of physical aspects, 
such as in terms of the human brain. But Nagel challenged the idea that we 
could explain consciousness, as a key aspect of intelligence, in terms of a mate-
rialistic perspective alone. He argued that even if we could observe all physical 
aspects of someone’s brain, we do not know how it feels to be this person (in 
the same way that we do not know what it is like to be a bat). In Nagel’s view, 
subjective experience, rather than being a by-product of processes in the brain, 
is what constitutes consciousness.

But a conscious perspective does not arise out of nowhere. As suggested by 
researchers in the enactive approach,9 consciousness and intelligence emerge 
through our interaction with our surroundings. They are enacted (brought 
forth). We are not “parachuted onto the earth as an unknown, objective real-
ity to be charted” (Varela et al. 2017, 299). Intelligent beings are already part 
of an environment and are embedded in a context that is specific to them. 
This means that they always find themselves existing in a dynamic, co-con-
stitutive relationship with their surroundings. Crucially, this is not the case 
for AI systems. As philosopher Hubert Dreyfus (as early as 1972, 1997) has 
argued, AI models are disembodied systems that stand in no meaningful rela-
tion to the world. Meaning is a prerequisite for intelligence, and it crucially 
depends on relevance. AI systems do not replicate meaning, because the infor-
mation they are processing does not mean anything to them. Relevance is not 
something that can be programmed into the AI model, but only emerges in 

8	 The phrase “view from nowhere” stems from one of Nagel’s later works, The View from Nowhere 
(1986).

9	 The enactive approach is one of the theoretical movements within embodied cognition (or 4E 
cognition) which was discussed at the outset of this section.
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systems that have intrinsic values and, precariously, depend on interactions 
with their surroundings. 

Believing that a computer will achieve intelligence if we just provide it with 
sufficient information and computing power is thus a mistake according to 
Dreyfus. It is not the accumulation and manipulation of information per 
se that gives rise to intelligence, but rather our reasons and motivation for 
applying this knowledge in a relevant manner. In this view, intelligence arises 
through the everyday background understanding of relevance we gain when 
dealing with the world around us. It seems impossible that this know-how—
together with all the feelings, interests, and bodily capacities that make up a 
human being—could be simulated by a computer.

Agency: The Living Organism and Its Concerns
The earlier discussion about perspective and context is closely linked to 
debates on the relationship between AI, embodiment, and agency. To provide 
some insight into this debate, let us take another look at the enactive approach 
already mentioned above. The enactive approach resonates with Aristotle’s 
view on the body and promotes the idea that there is a life–mind continuity: 
intelligent systems show similar properties to living systems (see, for example, 
Maturana and Varela 1987; Thompson 2007).10 This view also rejects a dualis-
tic outlook on mind and body (Thompson 2005). Instead of the computer, the 
living, embodied organism becomes the guiding metaphor for what an intelli-
gent system is (Varela et al. 2017). An organism is not just a material entity or 
a vessel used to navigate the world, but a living and lived (experiencing) body. 
It is therefore at once a mind and a subject, something that provides us with a 
basic perspective on the world (Di Paolo and Thompson 2014). In contrast to 
a computer, an organismic body is able to engage in meaningful relations with 
its environment because it has intrinsic values; it is first and foremost con-
cerned with survival and maintaining its bodily (organismic) integrity. This 
need to stay alive and to self-maintain can be seen as a minimal instantiation 
of a first-personal viewpoint, from which a body relates in a meaningful way 
to the world (Di Paolo and Thompson 2014; Kyselo 2014).

10	 According to this, cognition emerges in the interaction dynamic between living beings and 
their environment. Each type of living being (from single cells to multicellular organisms) has 
its own kind of cognition corresponding to a specific level of complexity (Hipólito and Martins 
2017).
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Embodied intelligence, then, consists in adaptively engaging with the envi-
ronment in a way that helps the intelligent system itself to survive and flourish 
(Di Paolo 2005). Di Paolo uses the example of a bacterium swimming up a 
sugar gradient to illustrate this. We cannot fully explain the bacterium’s move-
ment towards sugar by reference to (biochemical) mechanisms alone. The 
bacterium seeks sugar because sugar signifies nutrition and is thus beneficial 
for the bacterium’s bodily survival. The bacterium acts adaptively because not 
only does it evaluate sugar as being important for survival, but it also “under-
stands” that higher concentrations of sugar will be better for achieving this 
goal in the long term. Enactive researchers therefore argue that meaning is 
not discovered in the world, but rather actively produced through the living 
system’s goal-directed engagements with its environment; hence they use the 
term sense-making. An intelligent being, as an embodied being, adopts a con-
cerned perspective that guides its interactions with the environment. Whether 
something appears to make sense or not depends on how it relates to this con-
cerned perspective (Weber and Varela 2002).

This is closely related to the notion of agency, another central concept within 
the enactive approach. An agent is a system that brings about a self–other dis-
tinction (a boundary between itself and the world) and acts on its behalf, in 
that it regulates and evaluates its activities and interactions with the environ-
ment with regard to its own intrinsic goals (Di Paolo 2005).11 Again, we can 
use the example of the bacterium for illustrative purposes. By actively engag-
ing with its environment (seeking sugar), the bacterium produces and main-
tains its own metabolism, thereby generating a boundary (cellular membrane) 
between itself and the domain within which it acts (self–other distinction). 
In doing so it acts on its behalf, in that swimming towards higher concentra-
tions of sugar and getting more nutrition will be beneficial to its intrinsic goals; 
that is, metabolic integrity (the self–other distinction). All agents are autono-
mous: they follow their own laws (Thompson 2007). The bacterium’s actions 
are self-governed, grounded in the metabolic logic of maintaining its own life.

Although our human actions are more complex, the same principles 
apply to human agency. That is, through embodied interactions with the 

11	 There are various definitions of the term agency, and some researchers would argue that machi-
nes and other objects may have agency: see, for instance, Latour (2005). Their discussion is 
beyond the scope of this introduction, but we maintain that agency is first and foremost a 
capacity of living beings and that any meaningful artificial or technological form of agency will 
be a derivative of animal or human agency.
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environment (material, social and cultural), we bring forth a self–other 
distinction which forms the precondition for our own agency—our ability 
to act on our own behalf in accordance with our intrinsic aims. It is thus 
through our concerned embodied being and engaging with the world that 
we become agents.

The same does not, however, easily apply to AI. From an enactive perspec-
tive, an AI system does not have agency since it does not care and does not have 
concerns of its own, nor intrinsic goals. An AI may learn, solve problems, and 
simulate goal-directedness, but its goals remain determined externally (pro-
grammed by particular human agents). Even where AI systems or robots may 
appear to simulate autonomous behavior (say, in robots or automated deci-
sion making), such behavior is not guided by intrinsic concern but remains 
heteronomous (guided by someone else’s laws and goals). Since technological 
agency does not exist independently of human sense-making, we think it is 
more fruitful to focus on how AI shapes human agency and can give rise to 
hybrid forms of agency that emerge from the interaction between humans and 
AI systems. We will come back to this important question in the next chapter 
on ethics (Torbjørnsen and Kyselo 2026).

LLMs and Linguistic Agency
The above discussion brings us back to where we started: the large language 
models currently shaping many aspects of our everyday life. What do the 
previous discussions entail for our understanding and the use of LLMs like 
ChatGPT and Lemoine’s LaMDA? Are they intelligent? Echoing the embodied 
and enactive perspectives discussed above, one would clearly have to argue 
that they are not. As philosopher Anthony Chemero (2023) puts it, no matter 
how advanced an LLM will become, however well it masters human language, 
it is still merely a tool for performing very specific tasks, and is for that reason 
and by principle intelligent only in the weak sense. Yet, how do we account for 
the fact that LLMs appear to be intelligent by acting as capable, human con-
versational partners? How can we explain the fact that they are so convincing?

A closer look at how LLMs function might help us answer this question. 
LLMs are based on transformer models and trained on massive datasets (with 
data broken down into tokens). While different systems operate in various 
ways, they are essentially well-defined calculations across tokens. Accordingly, 
any generated text is a result of engineering processes like word prediction 
or sequence extension, and it does not necessarily reflect “facts” in the real 
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world.12 The output generated by LLMs might seem remarkably meaning-
ful. Yet, as researchers Abeba Birhane and Marek McGann (2024) argue, the 
apparent meaningfulness relies entirely on the extent to which certain words, 
phrases, or paragraphs can be represented by the relations between tokens in 
the training dataset.

LLMs generally appear to be linguistic agents, but, as we saw above, what 
matters for agency is also sense-making and relevance, and to be able to par-
ticipate in a linguistic, social community. A linguistic agent is someone (or a 
system) who can make sense of language and for whom linguistic expressions 
matter. This is not captured by datasets and relations between tokens (Birhane 
and McGann 2024). When we engage linguistically, there is something at stake. 
Is there something at stake for an LLM? Is there something it seeks to achieve? 
Does an LLM participate in meaningful social interactions? The answer to 
all these questions is “no.” Instead, “LLMs are complex tools, and within any 
activity their role is that of a tool” (Birhane and McGann 2024, 10). And in 
as far as the AI model is only a tool, all meaning and value embedded in the 
conversation is generated and perceived by the user.

This point is important because it shifts the question from whether AI is 
truly intelligent to understanding more clearly what happens to us, the human 
user, when we interact with AI. It also leads us to a more general point: any 
AI system, embodied or not, is produced and guided by humans. Apparent 
machine intelligence can usually be explained with reference to the humans 
“behind the scenes,” that is, the engineers and computer scientists creating it, 
the crowd workers supporting it, and the users interacting with it. Moreover, 
the design of any AI system will, in part, depend on those in power to produce 
and finance it (Birhane 2021; Crawford 2021; Noble 2018). As we show in the 
following chapter (Torbjørnsen and Kyselo 2026), these points are important 
to bear in mind when considering the ethics of AI.

Conclusion
Two important lessons can be drawn from a century-spanning philosophical 
debate on AI. First, whether we deem an AI to be intelligent depends on what 
we think about the nature of the mind and how minds relate to the world. If we 
accept or simply presuppose a mechanistic, computational theory of mind, we 

12	 See Giosuè Baggio and Matteo Radaelli’s (2026) chapter in this volume. See also Bender et al. 
(2021) and Hicks et al. (2024).
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will have good reason to think that computers can be intelligent. But once we 
question such traditional metaphysical outlooks, we realize that human intel-
ligence depends on other attributes; attributes that AI simply does not have. 
The alternative outlook we have addressed, for instance, emphasizes the role 
of the body for intelligence. A body is always situated in a specific context, 
interacting meaningfully with the world in relation to subjectively experienced 
autonomous norms and goals. Second, understanding AI is not simply a mat-
ter of understanding how the technology functions, as if AI were God-given or 
appeared out of nowhere. It is also about understanding how AI depends on 
our human resources, our intelligence, our creativity, and our labor, and vice 
versa, on the ways in which the development and usage of AI affect us humans 
at the core, at the level of individual agents as well as societies.
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4. Foundational Conceptual Issues in 
the Ethics of Artificial Intelligence
Regine Rørstad Torbjørnsen and Miriam Kyselo

Abstract: This chapter reflects on key ethical dilemmas surrounding AI, and the 
foundational conceptual issues underlying them. It addresses how humans play a 
crucial role in determining the values and functioning of AI technology, and, in turn, 
how human life and agency are fundamentally affected by AI use. The chapter illus-
trates that ethical considerations on AI do not exist in a vacuum but are themselves 
grounded in and constrained by our conceptions of the nature of intelligence and 
consciousness, and of how we think of the relationship between humans and their 
sociocultural and technological environment. By adopting a foundational perspec-
tive, the authors contribute to the discussion on the extent to which AI is developed 
and applied in a manner that ensures the welfare of individuals, societies, and eco-
systems. The chapter demonstrates how a context-oriented perspective helps to 
shed light on the impact of AI on human agency, work, and knowledge acquisition, 
as well as the role of AI in climate change and nature degradation.

Keywords: agency, algorithmic injustice, ethics of AI, sustainability, 

techno-optimism

Artificial intelligence technology is not good or bad per se. It can be produced 
and applied in both beneficial and disadvantageous ways. It has proven to be 
useful in various domains, such as the automation of repetitive manual work 
(Moraes et al. 2022) and in more efficient and improved healthcare diagno-
ses (Esteva et al. 2017; Senders et al. 2018). However, the use of AI also pres-
ents crucial ethical challenges, leading to problems such as algorithmic bias 
and injustice (Birhane 2021; Noble 2018), emerging risks in warfare deploy-
ment (Schwarz 2025), nature degradation, and contribution to climate change 
(Cowls et al. 2023; Crawford 2021).

These challenges are discussed in the ethics of AI, a subfield in the field of eth-
ics. Ethics is concerned with understanding what is right and wrong, morally 
good and bad, and with providing principles for how we ought to act morally. 
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In the ethics of AI, one important goal is to map the beneficial and detrimental 
consequences of the development and usage of AI, and to evaluate whether 
AI systems do in fact promote human, societal, and ecological welfare. This is 
expressed clearly in UNESCO’s recommendations on the ethics of AI, which 
aim to

protect, promote and respect human rights and fundamental freedoms, human 
dignity and equality, including gender equality; to safeguard the interests of 
present and future generations; to preserve the environment, biodiversity and 
ecosystems; and to respect cultural diversity in all stages of the AI system life 
cycle. (UNESCO 2022, 15)

These recommendations address the various stakeholders in AI, such as pro-
grammers, companies, law/policy makers, investors, users, etc., hinting at the 
complexity of situations to which the ethics of AI is responding. There are 
many actors involved and the field is vast, with numerous core debates, such 
as the impact of AI on democracy (Landemore 2024), social justice (Birhane 
2021; Gebru 2020), law (Smuha 2025; Tasioulas 2023), warfare (Taddeo 2024), 
surveillance (Véliz 2024), and climate (Coeckelbergh 2021; Floridi 2023). Our 
chapter aims to contribute to these debates by adopting a foundational per-
spective where we assume that any ethical exploration of AI must be founded 
on the close investigation of human intelligence and agency, sociality, and 
worldviews (Birhane 2021; Birhane and McGann 2024). Thus, in addition to 
specific ethical issues, we are concerned with some of the core philosophi-
cal concepts related to or underlying ethical discourses. In this way, we aim 
to offer some nuance for ethical questions that are already being asked—and 
potentially inspire thinking about new ones.

From such a perspective, we arrive at a better understanding of a funda-
mental problem with modern views of AI, namely that many still think of 
AI as pure algorithms (Crawford 2021), a form of “God-given” intelligence 
that is just there and absorbs and produces knowledge independently of its 
creators and users. Such a narrow view of AI distracts from several import-
ant facts. First, the apparent “intelligence” of AI originates from the humans 
who design, maintain, steer, and deploy it. Second, as we saw in the previ-
ous chapter on the “Introduction to the Philosophy of Artificial Intelligence” 
(Torbjørnsen and Kyselo 2026), current AI systems could be described as intel-
ligent in the “weak” sense: they are powerful tools humans can use to complete 
specific tasks. They are not, however, intelligent in the “strong” sense since they 
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lack intentionality and agency. Third, AI technology lacks intrinsic goals and 
values. It operates according to norms and aims that are set externally by the 
people who develop and own the AI and the political actors in charge of regu-
lating the industry. Related to that is the fourth point, namely that AI does not 
exist in some virtual or neutral space, but relies on massive amounts of human, 
technological, and natural resources.

To understand the wide-ranging impact of AI thus presupposes a reflection 
on the nature of the basic components within the complex human–AI system. 
Humans play a crucial role in determining the values and functioning of an 
AI, and human life and agency are fundamentally affected by AI use. Thus, 
this chapter selectively focuses on three ethical dilemmas and associated foun-
dational issues: AI’s impact on human agency and work, the impact of Large 
Language Models (LLMs) on knowledge acquisition and cognitive capacities, 
and the contribution of AI to climate change and nature degradation.

AI, Work, and Agency
By automating demanding and repetitive tasks, AI has become a tool that can 
relieve humans of certain labor (Spencer 2025). One potential positive con-
sequence of this is that it gives people more time to pursue other meaning-
ful professional and personal activities (Spencer 2022; Srnicek and Williams 
2015). The ethical dilemma, however, is that automation might also lead to job 
insecurity, de-skilling (the loss or weakening of human skills and knowledge), 
as well as a diminished experience of work, such as feeling that one is less valu-
able or has less agency. In the following, we discuss the promise of less human 
work and some potential challenges to this scenario. We further discuss the 
close connection between work and agency, and address how AI automation 
might threaten human agency by diminishing the potential of the workplace as 
a resource for social engagement and application of one’s skills and knowledge. 
Finally, we address ways of countering some of these issues by looking closer 
at human–AI professional collaborations.

The Promise of Less Work
Generative AI allows the automation of work to expand to new realms, includ-
ing image and speech recognition, translation, accounting, data analysis, 
and generation of text and images (Gozalo-Brizuela and Garrido-Merch’an 
2024; Eloundou et al. 2024). This suggests that an increasing number of tasks 
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previously performed by humans can be outsourced to AI. Inspired by these 
developments, some believe that AI could change our relationship to work 
entirely. The hope is that AI can help relieve humans of many of the burdens 
connected to production. Consider, for example, the following reflections of 
Sam Altman, CEO of OpenAI:

we expect that this technology can cause a significant change in labor markets 
(good and bad) in the coming years, but most jobs will change more slowly 
than most people think, and I have no fear that we’ll run out of things to do 
(even if they don’t look like “real jobs” to us today). People have an innate desire 
to create and to be useful to each other, and AI will allow us to amplify our own 
abilities like never before. As a society, we will be back in an expanding world, 
and we can again focus on playing positive-sum games. (Altman 2024)

Altman thereby taps into the techno-optimistic vision that technology, espe-
cially AI, will increase productivity and free human workers from repetitive 
or otherwise tedious tasks, leaving us with time to engage in more meaning-
ful activities (for an analysis and evaluation of techno-optimism, see Danaher 
2022).1 This is a scenario that sounds attractive to many, but whether it is real-
istic is highly unclear. Discussions on the future of work are extremely complex 
(Ghosh et al. 2025; OECD 2024), and thus such ideas are mere speculation at 
this point.

The deeper and more urgent question is whether increased automation will 
really benefit workers. As Daron Acemoglu and Simon Johnson (2023) remark, 
many companies are using AI to minimize the cost of labor and intensify work, 
aiming to generate higher returns for investors and capital owners. Yet, while 
companies profit from the cheaper labor of automation, workers are not get-
ting their share of the revenue (Acemoglu and Restrepo 2020; Dauth et al. 
2021). Importantly, many AI systems rely on underpaid crowd workers, who 
perform tasks such as labelling massive amounts of training data or review-
ing suspicious, harmful, or disturbing content (Crawford 2021; Gray and Suri 
2019; Irani 2015). Given current socioeconomic conditions, the prospects of 
AI automation fulfilling the techno-optimist’s positive vision of providing 
workers with more leisure time appear rather bleak (Acemoglu and Johnson 
2023; Spencer 2022).

1	 Thinkers currently positioning themselves clearly in favor of techno-optimism include Deaton 
(2013), McAfee (2019), Naam (2013), Pinker (2018), and Rosling et al. (2018).
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This does not mean that the idea that AI might facilitate human labor is not 
important. While AI may not bring about a “no-work” utopia anytime soon, it 
clearly has a substantial impact on how we work. This leads to worries about 
large-scale displacement or replacement (Rion and Any 2025) and the ways in 
which AI might reduce the quality of work performed by humans (Tyson and 
Zysman 2022). As we shall see, both worries are linked to a more fundamental 
human concern, namely the need to develop and practice our skills in a social 
environment conducive to a meaningful life.

Work and Agency
We have already mentioned that work is a crucial part of most people’s lives. 
Ideally, work provides financial security and, thereby, a basic form of exis-
tential safety. But jobs and careers also provide the possibility of engaging in 
meaningful professional social relations and the opportunity to cultivate and 
practice one’s knowledge and skills. Work fundamentally shapes our being in 
the world and our identity (Ashforth and Schinoff 2016; Nelson and Irwin 
2014). This is because the social interactions and activities in which we engage 
in the workplace are important to how we develop and flourish as people. 
Thus, the automation of work might have consequences for our sense of self 
(Endacott 2021). In the following, we will look more closely at the close con-
nection between work and agency and explore how AI automation impacts 
humans in this regard.

The term agency is used in many different contexts and is sometimes 
employed interchangeably with the self (see Kyselo, forthcoming).2 In line with  
the previous chapter (Torbjørnsen and Kyselo 2026), we adopt an enactive out-
look on agency. An agent is thus described as a self-organizing system that 
creates and maintains a form of self or identity through interactions with its 
environment. An agent thereby follows its own goals, evaluating and adapting to 
its surroundings and interactions according to what it needs to maintain itself. 
Whether interactions are seen as meaningful depends on whether or how they 
contribute to these goals. In this way, the agent self-individuates, which means 
that it actively brings forth its identity (Di Paolo and Thompson 2014; Jonas 
1966). Having a sense of agency means to feel that one is the origin of one’s 
actions. From an enactive perspective, this experience is directly dependent 

2	 Some use the term in a way that suggests that other animals, artificial systems, or even fictiti-
ous/spiritual figures could be agents themselves, but here we focus on human agents. See Latour 
(2005) for an alternative account that highlights the active role of technology.
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on having meaningful interactions with the environment (Buhrmann and Di 
Paolo 2017).

The crucial point here is that our interactions with the environment make 
us who we are. By interacting with our surroundings, we create a boundary 
between ourselves and the world, including the boundary between ourselves 
and other agents. The enactive view of agency thereby emphasizes that the 
boundary between agent and world is not clear-cut or given but an actively 
generated, ongoing process, to which the social environment and technology 
both contribute. Thus, our agency may be co-created and is partially reliant on 
social and other processes outside of the individual organism (Kyselo 2014; 
forthcoming).3

The central role of the social environment for our sense of agency becomes 
highly relevant in the context of AI and for understanding its impact on the 
work context. At work, we engage in social interactions, complete various tasks, 
and practice our knowledge and skills. These engagements matter beyond the 
context of the workplace. They affect our agency, who we are, and how we are 
able to navigate the world around us. The workplace can furthermore pro-
vide people with an important source of meaning and direction in their lives 
(Ashforth and Schinoff 2016).4

For these reasons, if we lose the work context or the opportunity to prac-
tice certain tasks, our sense of agency and identity might be threatened. As 
fundamentally social agents, many people depend on the kind of interactions 
and recognition that the working environment can provide (Ashforth and 
Schinoff 2016). Moreover, the workplace may provide regular opportunities 
to practice our knowledge and skills, for instance through problem solving 
and teamwork, helping us to develop and maintain a balanced sense of agency. 
Conversely, when such opportunities are lacking, we might feel that the pro-
cess of developing our identity is altered (Endacott 2021) or that our sense of 
agency is at stake.

3	 See the chapter on the philosophy of AI in this volume (Torbjørnsen and Kyselo 2026) for a 
more detailed account of enactive agency; see also Kyselo (forthcoming).

4	 In a similar vein, Gheaus and Herzog (2016) argue that society has an obligation to ensure peo-
ple’s access to meaningful work. They point out that certain valuable aspects of life, like making 
social connections and experiencing community, are difficult to realize outside of work. And 
since our public institutions regulate the burdens of labor, society should ensure we have access 
to meaningful work.
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De-skilling and Extraction
Automation has long been a topic in the literature discussing how working 
conditions shape labor and human agency. In the industrial age, Karl Marx 
(1818–1883) argued that there had been a shift in power between human 
and machine brought on by the introduction of machinery to the workspace: 
whereas earlier tools still allowed workers to be (relatively) independent, 
machinery determines and regulates their movements “on all sides” (Marx 
[1939–1941] 1973, 692–693). In this way, workers are constrained not only 
physically, but mentally as well. Knowledge and skills previously needed from 
each worker are now required only for the workshop as a whole (Marx [1867] 
1981). This will often lead to de-skilling, which means that human skills and 
knowledge are passed over from human workers to machines, and thus no 
longer need to be cultivated by workers (Marx [1939–1941] 1973). As indi-
cated in the passage above, for many people, cultivating such capacities is also 
crucial for maintaining and nourishing a sense of agency. Actively practicing 
and developing our skills can be a way of affirming who we are and engaging 
in activities that are meaningful to us. De-skilling can therefore also affect and 
diminish the human sense of agency.

Marx also describes a process of extraction. Skills and knowledge that previ-
ously belonged to workers are now defined as belonging to the workshop and its 
owners. The owners thus profit from workers’ long-cultivated capacities, which 
the workers themselves are hindered from applying in a self-determined man-
ner. This further leads to a loss of the workers’ sense of ownership over their 
capacities (Marx [1867] 1981). The sense of ownership goes along with the sense 
of agency (Gallagher 2000). Whereas the latter concerns the feeling of being 
the origin or cause of an action, the former refers to the sense that it is indeed  
I who am having an experience or performing the work. Matteo Pasquinelli 
(2023) elaborates on Marx’s argument that the workshop de-skills workers and 
points out that processes of de-skilling and extraction are reinforced by the use 
of AI (see also Walton and Nayak 2021). It has become clear that all work, includ-
ing tasks often assumed not to involve much skill, require substantial human 
knowledge and intelligence. For instance, problems with self-driving vehicles 
have illustrated how driving a vehicle has always been a human cognitive, social, 
and cooperative endeavor. As Pasquinelli (2023) points out, the aim of AI is to 
capture the knowledge expressed through human behavior and encode it into 
algorithmic models to automate a wide range of tasks. Thus, the apparent, some-
times impressive, knowledge and skills displayed by the machines originate in 
human behavior.
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This leads to a twofold problem. First, the AI industry extracts human skills 
and knowledge while falsely presenting them as purely algorithmic achieve-
ments, leading many people to overestimate what AI is, in fact, capable of. 
At the same time, the (partial) replacement of human knowledge and skills 
through AI applications prevents workers from further cultivating these capac-
ities and risks diminishing workers’ sense of ownership and agency.

Human-AI Collaboration
There are, however, ways in which AI can be used in a beneficial manner, and 
thus help workers develop as self-determined, knowledgeable, and skillful 
agents. Some promising directions can be found in areas where humans col-
laborate with AI, for instance in medical diagnostics. In recent years, there has 
been an upsurge of systems using machine learning to classify specific regions 
on medical images, to identify—for example—a benign or malignant tumor 
(Smids et al. 2020). These systems have accuracy rates that are comparable 
to—and, in some cases, even better than—those of human doctors (Esteva 
et al. 2017; Senders et al. 2018). For instance, research indicates that combining 
human diagnosis with AI classification can reduce the error rate in breast can-
cer diagnostics by 85% compared to the human alone (Wang et al. 2016; Smids 
et al. 2020). Researchers have theorized that this might be because human pro-
fessionals and AI make different types of mistakes and thus can correct one 
another (Senders et al. 2018; Smids et al. 2020).

Hybrid AI-doctor systems may therefore share the workload (of diagnosis) 
and, in a sense, also the agentive resources required for the work. This highlights 
a dilemma. How do we make sure that clinicians experience a balance in inter-
actions with AI, and not a loss of agency? When collaborating with an AI on 
diagnostics, medical professionals may still feel affirmed in their role. They might 
invest the time saved by the machine in other areas of their work in developing 
their craft, and potentially even experience more meaningfulness (Smids et al. 
2020). At the same time, this entails a risk of (partial) replacement of medical 
professional expertise and a loss of or an imbalanced sense of agency. Confronted 
with an AI system, the medical expert might perceive a sense of limitation in the 
practice and cultivation of their capacities, since much of their knowledge and 
skills appear to be replaceable. This underlines a point made throughout this 
chapter: whether AI will prove conducive to human labor and agency essentially 
depends on how it is applied. And how to apply AI is normally not a decision 
made by individual workers. Rather, it is up to society at large, and workspaces 
more specifically, to handle the potential of AI with care for the humans involved.
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Knowledge and Human Capacities
AI is also applied in the context of knowledge acquisition. Knowledge is the 
foundation of our modern societies. What we know matters. We use knowledge 
to navigate the world around us, position ourselves in society, and gain insight 
into how local and global societies are structured. Our well-being depends 
on factors such as our insight into how things are and function. Knowledge 
is therefore power (Collins P. H. 2000), and so who knows what also matters. 
Large Language Models (LLMs) can help make research more efficient, help 
improve texts, be a dialogue partner in discussing complex topics, and pro-
vide immediate guidance for students. But these models come with important 
challenges pertaining to truth, bias, and expertise. In the following, we look 
closer at ways in which LLMs impact the process of knowledge acquisition and 
how using them in writing could diminish students’ cognitive capacities and 
prevent them from developing a kind of reasoning crucial to human nature 
and agency.

LLMs and Knowledge Acquisition
What are the ethical implications when knowledge acquisition is handled with 
or by AI? With widespread access to LLMs, new questions about knowledge 
acquisition arise: Can LLMs be said to generate knowledge? How can we use 
them to reliably acquire or produce accurate information? 

LLMs can be useful tools in knowledge acquisition processes. For instance, 
many IT students use LLMs as active tutors. The models can explain program-
ming concepts, and their immediate feedback helps students debug errors faster 
(Azoulay et al. 2025; Mutanga et al. 2025). Yet, such use becomes a challenge 
in cases where students rely heavily on the tool and thereby avoid engaging 
fully in the process of learning how to program (Felipe-Redondo et al. 2024; 
Mutanga et al. 2024). Research indicates, however, that these issues are easier to 
avoid for more experienced users, as prior knowledge of how to handle LLMs 
as learning/knowledge-seeking tools generally improves the learning process 
(Chen et al. 2024; Soll and Kobras 2025; Zamfirescu-Pereira et al. 2023).

While the research on LLMs and learning is still at an early stage, it is reason-
able to assume that one of the reasons experienced users learn more effectively 
is that they are more aware of a model’s limitations. They might be more likely 
to recognize errors, false information, and bias. Since knowledge is power, in 
this context, having power lies in knowing how LLMs function and what they 
can and cannot do. Students who are inexperienced or not yet knowledgeable 
in an area and blindly rely on LLMs thus paradoxically risk contributing to 
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reducing their own power. Below, we discuss some of the challenges that we 
face when applying LLMs as tools for knowledge acquisition and address ways 
in which we can begin to tackle them.

As seen in this book’s chapter on “Language and Intelligence in Minds and 
Machines” (Baggio and Radaelli 2026), LLMs are generative AI models trained 
on massive data sets and next-word prediction tasks. The models, in various 
ways, discover and reproduce significant aspects of textual patterns. Even if the 
generated text appears meaningful, it is a result of processes like word predic-
tion and sequence extension and is not necessarily true or factual.5 Of course, 
we humans also predict as part of the knowledge-seeking process, but we do 
not automatically conclude that everything we predict is accurate. We evaluate 
the conclusions we arrive at against the background of prior knowledge and 
the context in which we are embedded, and (ideally) aim to avoid spreading 
misinformation. LLMs, on the other hand, currently present the generated text 
as accurate regardless of whether this is the case. This behavior is often referred 
to as “hallucinations” (OpenAI et al. 2024; Weise and Metz 2023).6 Other terms 
to describe this are “bullshitting” (Hicks et al. 2024)7 or “confabulation” (Cao et 
al. 2022; Sui et al. 2024). Importantly, LLMs do not “understand” that they are 
misinforming. As pointed out earlier, LLMs do not understand at all. They are 
“intelligent” only in a weak sense (Searle 1980), being powerful tools we can use 
to complete specific tasks but lacking mental states and abilities of their own. 
This is also why LLMs are not committed to principles of veracity and reliability 
(Collins H. 2025). Their apparent “intelligence” and “confidence” stem from the 
humans who programmed and designed them, and from all of us who collec-
tively feed them data (Bender et al. 2021; Birhane and McGann 2024).8

While many users are aware of the limitations and risks of these models, 
they might still be tempted to think that the AI is “right” at least most of the 
time. Moreover, since LLMs present false information alongside things we do 
know to be true, they often enforce an impression of authority. As Birhane 
(2021) argues, our inclination to give LLMs authority over knowledge and how 
to handle it stems from Western Cartesian dualism and a desire for “absolute 

5	 See also the section on linguistic agency in this book’s chapter 3 (Torbjørnsen and Kyselo 2026).
6	 The term “AI hallucination” has been criticized as misleading, as it might suggest that an LLM is 

an agent with experiences, sense impressions, and beliefs (Bergstrom and Ogbunu 2023; Hicks 
et al. 2024).

7	 “Bullshitting” in the sense described by Harry Frankfurt (2005).
8	 See chapter 3 (Torbjørnsen and Kyselo 2026) for a more elaborate discussion of behavior, intel-

ligence, and agency in the realm of AI.
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rationality.”9 We assume that abstract and intellectual thinking are “the most 
trustworthy forms of understanding” (Birhane 2021, 3). The fields most crucial 
for AI development—computer and data science in particular—have adopted 
this worldview (Mhlambi 2020). Implicitly or explicitly, they are driven by the 
deep conviction that data may give rise to universal, relatively unchanging, and 
objective knowledge. Consequently, these fields largely operate on the basis 
of a view of the data scientist or the data engineer as inhabiting a rational or 
“neutral” view on the world, and they assume that this rationality is reflected 
in how an AI generates and handles knowledge (Birhane 2021).

Yet, such a “view from nowhere” (Nagel 1986) does not exist. The idea 
of absolute rationality or objective knowledge is problematic and entails a 
skewed perspective on human intelligence. To think that abstract knowledge 
is the foundation of reality is to confuse the map with the territory. Abstract 
knowledge is dissociated from experience, from the process through which it 
is derived, and from the agent for whom it appears to be meaningful (Frank 
et al. 2024). Crucially, AI models are also not neutral, but always inherit the 
worldview of the people designing them in addition to the worldview emerg-
ing from the data that has been used for their training. Indeed, it is for that 
reason that AI often generates and reproduces historical patterns of injustice 
and discrimination (Bender et al. 2021; Benjamin 2019; Birhane 2021; Noble 
2018; O’Neill 2016).10 These patterns represent a different kind of error; that is, 
a type of error that cannot be corrected by technological means alone because 
it is so deeply rooted in historical and contemporary injustice, asymmetrical 
power hierarchies, or other unexamined problematic assumptions (Birhane 
2021). Importantly, some actors exploit the fact that AI is not neutral by train-
ing AI models with massive amounts of false and/or offensive data in order to 
fuel and render political propaganda and hate speech as being “the truth.”11

It should be clear that such issues need to be resolved and regulated at societal 
and institutional levels. Currently, it is still up to users themselves to skillfully 
navigate the technology and to critically examine the information provided 
by LLMs. There is thus an important knowledge gap, a vital need to educate 
users and to develop proper “AI literacy” (Burgsteiner et al. 2016; Kandlhofer 

9	 See chapter 3 (Torbjørnsen and Kyselo 2026) for an account of Cartesian dualism and the 
mechanistic world view.

10	 See also the present book’s chapter 5 on “AI and Equality” (Søraa and Ask 2026).
11	 A recent example is Elon Musk’s chatbot Grok, which has been flagged for generating wrong and 

politically skewed statements, offensive language, and conspiracy-tinged claims. In September 
2025, Musk’s company xAI signed an agreement with the US government allowing them to 
provide Grok to US federal agencies (Montgomery 2025; Reuters 2025).
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et al. 2016). Schools and universities, especially the humanities, as argued in 
the introduction to this volume (Kyselo et al. 2026), play an important role 
in increasing AI literacy. They provide methods for critical and self-reflective 
thinking and crucial knowledge about the human dimension in the human–AI 
relationship and how it is impacted by AI use. It is important to note that an 
informed perspective on how AI impacts human agency, abilities, and mean-
ing-making also raises awareness of potential moral obligations to assume a 
much-needed human responsibility. AI literacy is something that cannot be 
taken for granted, nor should we leave young users to figure it out entirely on 
their own. Like other skills, it needs to be taught, trained, and practiced.

ChatGPT, Cognitive Capacities, and the Cultivation 
of Humanity

A further concern is that the use of LLMs might diminish cognitive capaci-
ties. Let us consider a concrete example for illustrative purposes namely the 
writing of essays. In a recent study by MIT Media Lab (n.d.), participants were 
asked to write an essay and assigned to three groups: a group using LLMs to 
write the essay, a group using search engines, and a group relying on human 
cognition alone (“brain-only”) (Kosmyna et al. 2025). During writing and 
subsequent interviews, their brain activity was recorded. While the benefits 
of using an LLM to write essays were initially apparent, the LLM group per-
formed worse than the brain-only group at neural, linguistic, and behavioral 
levels. Participants using an LLM during writing displayed significantly lower 
cognitive engagement, compared to the two other groups. In other words, par-
ticipants using an LLM “offloaded” their cognitive efforts to the model. As a 
consequence, they had trouble quoting from their own essay and also reported 
a lower sense of ownership over the text. Based on these preliminary results, 
researchers emphasize the urgent need to continue examining the detrimental 
effects and decrease in learning skills in the general population using LLMs.12

The potential decrease in cognitive activity and learning skills constitutes an 
ethical dilemma: a tool that entire populations perceive as a promising assis-
tant in knowledge acquisition and learning might paradoxically hinder those 
very processes. In our knowledge-based modern societies, a potential general 

12	 At the time of writing, the study is still under review. Consult the lab’s website for further infor-
mation (MIT Media Lab n.d.).
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decrease in learning and cognitive skills is concerning. Moreover, there might 
be consequences for human nature and our sense of who we are. In fact, some 
philosophers believe that “offloading” learning and reasoning processes to 
LLMs could diminish our human nature (Aylsworth and Castro 2024). The 
argument is based on the Kantian conception that our ability to reason—ratio-
nal agency—is what makes us human. Rational agency involves having a say in 
determining one’s own aims and being able to reflect on their value. In other 
words, we humans are able to step back from our desires and reflect on them, 
to decide which ones matter the most and cohere with our notion of the good 
(Kant 2000, 5:426; 2013, 7:322). One could use Kant’s premise to argue that 
writing a humanities essay gives students the opportunity to develop such rea-
soning, and thereby to cultivate their own humanity. In contrast, when rea-
soning processes are “offloaded” to an LLM such as ChatGPT, students risk 
participating in a process that diminishes their humanity (Aylsworth and 
Castro 2024).

Note that Kant’s account of agency differs from the enactive account of 
agency introduced in the first section of this chapter. An enactive perspec-
tive does not necessarily presuppose that agency is a rational capacity. Agency 
involves the generation of a self–other distinction; which may well be con-
stituted through linguistic processes (Di Paolo et al. 2023), but importantly, 
also through pre-reflective, bodily, and co-embodied processes (Kyselo, 
forthcoming). The crucial problem is that the use of LLMs not only impacts 
certain cognitive skills (reasoning, expressing one’s thoughts, etc.), but might 
also put our human agency at stake. Thus, whether the use of LLMs furthers 
or hinders agency will depend on users’ prior expertise and ability to apply 
the model in a way that furthers their reasoning and balanced maintenance 
of agency. The impact of LLMs on agency is thus an overlooked and complex 
topic that requires further investigation. The enactive proposal, according to 
which human agency is a constantly developing system that may incorporate 
non-individual processes, provides a good foundation for analyzing AI’s role 
in contributing to that structure, for better or worse, and consequently for pro-
viding more nuance to the discourse in the ethics of AI.

Climate and Natural Degradation
As we have seen, AI is more than “algorithms in the cloud.” To run it requires 
natural and human resources, such as energy, minerals, water, land, electric-
ity, and labor. This means that the AI industry manages and profits from our 
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shared resources: the air we breathe, the water we drink and use for agriculture, 
the ecosystems we live in and are so dependent on. AI cannot exist without 
these things, and nor can we. How do we make sure that the development, pro-
duction, and usage of AI is both socially and ecologically sustainable? Guided 
by this question, the current concluding section considers both the advantages 
and disadvantages of AI in the context of climate change and natural degrada-
tion. As Luciano Floridi (2023) remarks, AI constitutes a double-edged sword 
in this context. On one side, it can be a very powerful tool against climate 
change. For instance, the processing of immense volumes of data made pos-
sible by AI can help improve and expand our understanding of the climate. It 
makes it easier to study existing climate trends, forecast future developments, 
and predict the potential success of climate policies. AI tools can also help 
anticipate extreme weather, which is becoming more common due to global 
climate change. Moreover, AI can contribute to the fight against global warm-
ing more actively by delivering greener and more effective solutions (Floridi 
2023). For example, AI can help us improve and optimize energy generation 
and its uses. AI-based techniques are already being implemented in this way, 
and research indicates that they are playing an important role in the response 
to climate change (Inderwildi et al. 2020; Sayed-Mouchaweh 2020).

The ethical downside is that the training and use of computation-intensive 
AI systems lead to considerable energy use and carbon emissions (Amodei 
and Hernandez 2018; Cowls et al. 2023; García-Martín et al. 2019). Moreover, 
it is difficult to determine, exactly, the carbon footprint of AI, since sufficient 
information about the source and amount of energy used in researching, 
developing, training, and deploying AI models is lacking (Cowls et al. 2023). 
Floridi (2023) therefore maintains that it is currently difficult to say anything 
about the trade-off between the emissions caused by AI and the resource effi-
ciency gains that AI can offer. 

Kate Crawford (2021) interprets the matter differently. Like Floridi, she dis-
cusses emissions and energy use stemming from AI, but she also focuses on 
how the AI industry drains natural and human resources, damaging ecosys-
tems and local communities. She describes the AI industry as part of a detri-
mental “logics of extraction” that affects all life on earth (Crawford 2021, 28). 
The notion of AI as “extraction” was already mentioned in our discussion on 
AI and work. Here, we see how not only human skills and knowledge, but also 
our shared natural resources are extracted. The mining of minerals is at the 
core of the issue. As an example, consider lithium, which is a natural resource 
crucial to the batteries powering AI technology. Lithium is mined in places 

Torbjørnsen and Kyselo | Humanities Perspectives on AI



4. Foundational Conceptual Issues in the Ethics of Artificial Intelligence 101

such as southwest Bolivia, central Congo, Mongolia, Indonesia, and the deserts 
of Western Australia. Some of these places are impacted by local and geopolit-
ical violence. Extraction of these minerals in these areas may fuel or reinforce 
such conflicts. For instance, profits from mining have financed military oper-
ations in the decades-long Congo-area conflict (Burke 2017; Crawford 2021). 
Major tech companies like Philips, Intel, and Dell may contribute to this prob-
lem when they cannot guarantee that their supply chain is not involved in such 
conflict (Abraham 2017; Crawford 2021). In addition to fueling social and 
political problems, the mining of natural resources necessary to operate AI 
technology causes considerable environmental damage, ranging from devas-
tated landscapes and polluted rivers and lakes to the extinction of entire plant 
and animal species (Abraham 2017; Crawford 2021; Liu 2012).

Conclusion
This chapter focused on three selected ethical dilemmas in the field of AI: the 
impact of AI on human agency and work, the influence of Large Language 
Models (LLMs) on knowledge acquisition and cognitive capacities, and the 
contribution of AI to climate change and nature degradation. We adopted a 
foundational perspective on the ethics of AI, assuming that any ethical explo-
ration of AI presupposes a particular stance on basic concepts such as human 
intelligence, embodiment, or agency. The aim of such a foundational perspec-
tive is to inform the discussion on whether AI technology is developed and 
applied in a manner that ensures the welfare of individuals, societies, and eco-
systems. It becomes clear that the industry, institutions, governments, and indi-
vidual users all bear responsibility for ensuring that AI is ethical. Philosophers 
and other scholars in the humanities contribute to such efforts by shedding 
light on the complexity and context dependency of AI.

The industry often sees AI ethics and justice as concerns that society and 
governments are responsible for dealing with, not them.13 This is problematic, 
since the AI industry is responsible for the emissions and nature degradation 
that it causes, in addition to its impacts on human agency and flourishing. 

13	 Companies like Google, Microsoft, Anthropic, and DeepMind do have substantial ethics rese-
arch programs, responsible AI frameworks, etc. However, such programs and frameworks have 
been criticized for being incomprehensive and incoherent, and, more importantly, for not being 
anchored in sincere concerns about the ethical implications of these companies’ AI technology 
(Crawford 2021; van Maanen 2022; Munn 2023; Seele and Schultz 2022).
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Yet, the industry’s response to ethical concerns is unfortunately often limited 
to signing general AI ethics agreements and statements. This not only evades 
or delegates responsibility, but such documents are also often taken to reflect 
general consensus among stakeholders when they actually do not represent the 
regions suffering most from the negative consequences of operating AI sys-
tems, such as Africa, South and Central America, or Central Asia (Crawford 
2021; Jobin et al. 2019).14 In addition, ethical agreements and statements nor-
mally fail to address how they should be implemented, and are seldom enforce-
able or accountable to the wider public (Crawford 2021; Crawford et al. 2019).

To make this important point even more explicit, companies’ reluctance to 
take responsibility is deceptive because it obscures their crucial role in deter-
mining how AI should be designed and applied. It is therefore important to 
assign accountability appropriately. As we have seen, AI technology is not a 
neutral, virtual thing that is just “there” for companies to use, but designed, 
programmed, and produced by people who in turn exhibit values and world-
views of their own. Thus, to hold the industry, institutions, and governments 
accountable, we need more transparency and knowledge about how individ-
uals, societies, and ecosystems are impacted by AI. In other words, increasing 
AI literacy is of the utmost importance.
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5. AI and Equality
Roger A. Søraa and Kristine Ask

Abstract: This chapter, rooted in Science and Technology Studies and feminist 
technoscience perspectives, thematizes who is included in and excluded from the 
development and use of AI. One central organizing framework is the concept of a 
digital divide between participants in the social world, applied here to AI at three 
levels: access—who can use AI at all; skills—who has the literacy to use it effec-
tively; and outcomes—who benefits and who is harmed, even among those with 
equal access and skills. The chapter addresses contemporary examples ranging 
from AI facial recognition technology, AI used within hiring processes, and AI used 
by people with disabilities to explain the value of such a sociotechnical perspective. 
Opening the “black boxes” of AI partially, the chapter provides thinking tools on how 
to analyze discrimination and ensure fair AI use.

Keywords: algorithmic bias, digital divide, feminist technoscience, inclusion, 

Science and Technology Studies (STS)

In this chapter, we explore how artificial intelligence (AI) relates to equality, 
focusing on how AI can either support or exacerbate the inclusion or exclusion 
of vulnerable groups. Grounded in feminist technoscience perspectives from 
the field of Science and Technology Studies (STS), the chapter seeks to open 
AI’s “black boxes” (where only input and output are known and the processing 
is invisible) to examine who is affected by AI and in what ways. Our overall 
argument is that we must pay attention to how new technology (like AI) can 
strengthen or weaken inequality depending on its design and use. We illustrate 
our discussion with three examples from AI research: firstly, facial recognition 
technology and racial profiling; secondly, how AI is used in hiring processes; 
and thirdly, how AI is empowering users with disabilities. In these examples, 
we aim to highlight both positive and negative ways in which AI impacts 
equality. To do this, it is important to pay attention to both the technology (its 
features, design, and capabilities) and its use (by whom, for what, and in what 
contexts)—an approach we can broadly describe as sociotechnical.

https://doi.org/10.18261/9788294167234-26-05
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A Sociotechnical View on AI: From Neutral 
Technology to Digital Divides
A sociotechnical approach acknowledges that technological change is as much 
a question of people and society as it is of design and functionality. Instead 
of presuming that technology is a neutral object with predetermined conse-
quences or trajectories of development, the sociotechnical perspective is con-
cerned with how technology is shaped by social factors. This includes how 
society interprets the technology, the imaginaries it holds, the skills of its users, 
and the context in which it is applied. In short, a sociotechnical approach 
means paying attention to culture, user practices, infrastructures and institu-
tions that shape how a given technology is interpreted and the specific ways in 
which it is used (Oudshoorn and Pinch 2003; Pinch and Bijker 1987).

In the case of AI, there exists a multitude of visions about what life with 
AI would entail, not least from science fiction; for example, Lana and Lilly 
Wachowski’s (1999) The Matrix, presenting a dystopian future where machines 
have taken over the planet and turned humans into batteries to power the 
machine world, forcing them to remain asleep and live in simulated realities 
instead. Similarly dystopian futures of AI rebelling against humans are shown 
in James Cameron’s (1985) The Terminator and Joss Whedon’s (2015) Avengers: 
Age of Ultron. These movies both fuel and reflect our fear of technology tak-
ing over our lives and explore what kind of risk AI may pose to societies and 
humanity overall. At the same time, there is also more optimistic science fic-
tion about what an AI society might entail. In Andrew Stanton’s (2008) movie 
WALL-E, the robots WALL-E and EVE protect humans and assist their return 
to Earth. In Gene Roddenberry et al.’s (1987–1991) utopian sci-fi television 
show Star Trek: The Next Generation, we repeatedly meet artificial intelligence 
in characters like Data, who seeks to become more human and embarks on 
personal quests to grow more empathetic, caring, and artistic. In short, the 
stories we have created about AI span both hopes and fears of what technology 
can do for humanity (Cave and Dihal 2019).

While many narratives about AI are fictional, they are far from irrelevant. 
These stories are invoked by actual developers and producers of AI in both 
the making and promotion of new technology: for example, when OpenAI’s 
GPT-4o was released with a voice feature (later withdrawn) that sounded sus-
piciously like Scarlett Johansson, who voiced an AI interface in Spike Jonze’s 
movie Her (2013), or when discussions about the use of AI in the military 
employ The Terminator as a frame of reference (Spangler 2024). The point 
of opening this article with such stories about AI is to highlight the fact that 
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technology is always more than just its design, features, or technical specifica-
tions. Technology is interpreted in different ways, and we create both fictional 
and factual stories about its meanings and purpose.

As we grapple with what an “AI society” entails, a range of competing nar-
ratives have emerged in the news media. While some frame AI as technology 
based on massive theft of copyrighted art (Milmo 2025), others characterize it 
as a democratizing creative instrument (Duggal 2024). In education, some see 
AI as a tool for a much-needed revolution (Molina et al. 2024), while others 
interpret AI as the final nail in the coffin for an educational system in trouble 
(Bogost 2024). There are news stories about AI’s superior intelligence surpass-
ing the capabilities of human doctors (Park 2025), and news stories about AI 
being unable to do simple tasks like knowing how many R’s there are in straw-
berries (Eaton 2024). These conflicting narratives about AI make it difficult to 
gauge the technology’s actual capabilities and effects, and this chapter is too 
short to examine in depth the accuracy of each claim. Collectively, however, all 
these reports highlight the fact that there is no singular, shared vision of what 
AI is. They also showcase the sociotechnical perspective on technology, where 
technology is more than its functionality, its design, and its programming. AI is 
also about values and morals, about how we think the world works, and how we 
think it should work—which is particularly important when we look at how AI  
impacts (in)equality.

Overall, the point of showing different imaginaries, visions, and stories about 
AI is to direct attention to how important our interpretation of technology is. 
We tend to think of technology as value-neutral: that humans are the ones with 
biases and morality while technology is “just a tool” with no politics. However, 
decades of studies have shown that technology can work as infrastructures that 
maintain or shift power balances in society by privileging some users while 
exposing others to risks. Consider, for example, how safety technology in cars 
(such as airbags and seat belts) was modeled after male users, leading to cars 
that were safer for men than for women (Criado-Perez 2020); or how early 
photography equipment was not properly calibrated for all skin tones, because 
only White skin was seen as important (Roth 2009). In all these examples, it is 
clear that technology is not a “neutral party,” but is instead imbued with values, 
politics, and preferences that favor some people over others.

In the study of digital technology, the way digitalization can cause differ-
ences in society is broadly referred to as “digital divides” (van Dijk 2005), 
which span three different levels: access, skills, and outcomes (as described by 
Lutz 2019; 2024). The first level, access to digital technology, initially addressed 
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how those without access to the internet were missing out on the benefits asso-
ciated with the technology. Later, this discussion expanded to include analyses 
of how countries that rely primarily on mobile phones rather than broadband 
connections experience reduced functionality and limited content, with usage 
patterns oriented more toward entertainment and socializing than toward 
software development. Today, the question of who has access to AI represents 
a similar potential divide, where economic status, in particular, has an impact 
on the type of AI technology one has access to (for example, free versus pre-
mium AI models).

The second level divide addresses skills and recognizes that the benefits pro-
vided by digitalization are reliant on more than access; they also depend on 
the digital literacy of users. As digital literacy is not equally distributed in soci-
ety, digitalization may exacerbate differences between groups once more. Age, 
gender, and education are important factors here, with young, educated men 
scoring higher on average and thus being better positioned to take advantage 
of opportunities related to digitalization. Similar effects are expected from dif-
fering levels of AI literacy, although what exactly AI literacy should entail is 
still up for debate.

On the third level of the digital divide, the focus is on outcomes. The key 
to this understanding is that digitalization can create feedback loops, where 
those with privilege and power gain even more of both, and those margin-
alized face further risks and marginalization. Even with equal access and 
skills, the outcomes of digitalization are not equal. Instead, the distribution of 
risks and opportunities tends to follow established axes of power in society, 
meaning that, generally speaking, users who are male (rather than female), 
White (rather than People of Color),1 heterosexual (rather than LGBTQI+), 
able-bodied (rather than a person with disabilities), and rich (rather than 
poor) are better off. One example is how low-status jobs (often staffed by 
immigrants) are more subject to surveillance through digital technologies 
(Glaser 2021; Pellow and Park 2002). In the following section on AI and 
diversity, we will focus on this third level divide and show how the potential 

1	 In this chapter, we have chosen to capitalize the terminologies for Black, Indigenous, and People 
of Color (often abbreviated as BIPoC) in order to adhere to current scholarly debate on syste-
matic discrimination faced by BIPoC people in post-colonial societies both historically and 
contemporarily. Race and ethnicity are extremely complicated topics. Rather than providing 
one “correct” definition, we encourage readers to familiarize themselves with current discourse 
on these terminologies when discussing these topics in their own works.
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outcomes are related to existing power structures, even for those with access 
to and skills in AI use.

Differentiating Users: AI and Diversity
When we talk about inclusion and exclusion in the context of AI, we often refer 
to diversity. The term diversity broadly refers to differences. When it is used to 
describe human society, it describes variations among individuals and groups; 
the categories they are placed in (by both society and themselves); and the 
effects this might have. For instance, a family may consist of people from multi-
ple generations, demonstrating diversity in age. Similarly, a university embod-
ies diversity through its students and staff who come from different geographic 
regions (both domestic and international), urban and rural backgrounds, and 
socio-economic statuses. Additionally, people might have diverse beliefs, val-
ues, and motivations. Thus, diversity encompasses both individual and group-
level differences. When investigating questions of equality and technology, we 
tend to focus on group-level differences, as existing power structures in society 
tend to be reflected in technology use.

Consider the digital divide presented above and note how the example of 
access was related to urban–rural divides, how the example of skills was related 
to gender divides, and how the example of outcomes was based on skin color. 
This is not accidental. Again and again, we find that the hierarchies of soci-
ety are reproduced and reflected through technology and its uses. Regardless 
of whether you think such categorizations of people are sensible or fair (they 
are often not), they are impactful. The same is true when it comes to AI. As 
probability machines, AI rely on being able to identify and replicate patterns 
observed in society, such as those based on age, nationality, gender, and skin 
color, making such categories highly important in processing and predictions. 
Humans, however, are far more complex than the categories we use to classify 
one another.

Consider the complex concepts of ethnicity, skin color, and nationality. In 
Norway, we tend to treat these as separate categories; while in other contexts, 
they are categorized together under the heading “race.” It is, for example, com-
mon for US citizens to indicate their “race” on job applications. While some 
individuals may use “White” or “African-American” and find those categories 
accurate, others may find classification systems misleading. Take, for example, 
the actor Keanu Reeves, famous for portraying Neo in The Matrix. Reeves’ 
mother is from Essex, England, while his father was born in Hawaii with 
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Chinese and Native Hawaiian heritage. For individuals like Reeves, checking 
a single box in a demographic survey or hypothetical job application is not an 
accurate reflection of their ethnic and racial background.

Similarly, other seemingly straightforward categories, such as gender or sex-
ual orientation, may also be difficult to neatly classify, particularly for an AI 
system attempting to interpret social dynamics, as people can change their gen-
der identity and sexual orientation over their lifetime. We are all multifaceted 
individuals, navigating multiple identities and categorizations that shift accord-
ing to context. This presents challenges to AI. Computational systems are fun-
damentally designed to structure and categorize information. For a computer, 
simplicity often leads to better functionality, but humans and the social world 
are anything but simple. The fact that the social world cannot be neatly cate-
gorized presents some unique challenges for implementing AI. As the models 
attempt to predict outcomes through machine-based pattern recognition, such 
classification systems are necessary for AI to function effectively; but as they are 
inaccurate reflections of reality, they are thus also a continuous source of errors.

Some errors from AI are quite comical, like a system struggling to distin-
guish Chihuahuas from muffins (Lubin 2016), when robot vacuum cleaners do 
not stop for dog poo but instead do a “shitty job” of dragging it along the floor 
(Solon 2016), or when an American mall security robot drove into a foun-
tain and “killed itself ” one fateful night (Kirschgens et al. 2018). In all these 
cases, the underlying problems consisted of image recognition systems that 
were unable to correctly classify the real world. From a machine’s perspective, 
chihuahuas and muffins are similar as they have light and dark pixels in com-
parable places. Similarly, the AI system will not “know” when to change its 
path because the system may be missing training data that could be used to 
identify dog poo or fountains as “no go” zones. While these examples are more 
annoying than problematic, errors based on the inability of AI to correctly 
parse real-world complexity into abstract categories and AI classifications can 
also have serious and harmful consequences.

Predictive policing and law enforcement in the US have been shown to sys-
tematically target People of Color, causing a feedback loop where these are over-
represented in crime statistics (Ensign et al. 2018), which again leads to even 
more policing. Being unable to correctly identify obstacles might be funny for 
a mall security robot, but it presents a lethal risk when the technology is imple-
mented in self-driving cars, leading to several passengers and pedestrians being 
harmed or killed already (Stilgoe 2018). Several other examples can be found in 
Søraa’s (2023) book on AI for Diversity, which also describes AI discrimination as 
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primarily occurring in three stages. These three stages are: input (before the data 
is processed), the data processing itself, and output (after the data is processed):

1.	 Input Bias: This first stage concerns the datasets used to train an AI sys-
tem. Since AI reproduces patterns identified in the dataset, problems 
with fair and equal representation will impact the quality of output. 
Simply put, not all groups in society have had an equal chance to see 
their perspectives, stories, and lives documented. Thus, the training data 
will be skewed. Consider, for example, how the book publishing industry 
has (historically speaking, at least) favored straight, White, male authors. 
So, when LLMs are trained on all books found online (including those 
that should have been protected through copyright), they are being 
trained on texts that overrepresent straight, White, male perspectives on 
the world.

2.	 Data Processing Bias: Even within an AI system itself, bias can emerge 
by how algorithms process data. As a machine identifies patterns in the 
datasets and turns these patterns into “rules” for how to process them, 
unequal representation from the first stage can become “rules” that 
reproduce and reinforce those inequalities. For example, if people liv-
ing in low-income areas often have their loan applications denied, the 
AI might “interpret” this as being about living in that specific area, not 
about income, and automatically reject all applicants living in similar 
areas regardless of their actual income. This is also where it can be noto-
riously difficult to even understand how computers have made decisions, 
as the algorithmic processing of data is often hidden in these systems—
and might not even be explainable by the developers themselves (see also 
Kundi et al. 2023).

3.	 Output Bias: Finally, once an AI system has processed the input data 
and generated results, discrimination can also occur in how these outputs 
are interpreted and utilized by users. This means we need to pay atten-
tion to the context in which AI is used, and how this shapes how AI out-
puts and services are utilized. This final stage involves the ways in which 
and degrees to which AI-generated information is applied in real-world  
scenarios. A user who trusts AI might find its recommendations con-
vincing and intriguing, while a user who is more critical might reject 
the model’s recommendations outright. For example, Binns et al. (2018) 
found in their study on algorithmic decision-making that participants 
who were more trusting of algorithms were significantly more likely to 
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accept unfair or biased recommendations in hiring scenarios, compared 
to those who approached AI systems with fair skepticism. The latter group 
tended to question the legitimacy and fairness of the model’s outputs.

These three types of biases can be conceptualized as part of what goes in, what 
is processed inside (that is, the how), and what comes out of a “black box” (see 
figure 5.1):

Figure 5.1: Three types of biases conceptualized as a Black Box with (1) input, (2) processing, 
and (3) output.

If we are going to use AI to automate (which is often the goal of implementing 
AI in the first place), such biases in the training data are important to identify 
and counter to avoid duplicating and reinforcing existing societal problems. 
Obtaining unbiased datasets may seem to be a simple solution to this problem, 
but given the size requirements for datasets, this is a rather huge undertaking. In 
reality, most models work on data that is openly available on the internet (both 
legally and illegally), which will then reflect biases and inequalities that already 
exist in the world. To further explore biases and AI, we turn to three examples 
from research that will illustrate bias in input, in processing, and in output.

Racial Profiling in Facial Recognition Systems
As the name states, the primary function of facial recognition technology 
(FRT) is to correctly identify and classify people’s faces. FRT must always be 
trained on large datasets—so-called big data—to make accurate predictions of 
who different facial images belong to. A major dilemma with facial recogni-
tion, however, which is illustrative of issues for AI in general, is that it is only as 
good as the training data permits. If the training data is predominantly made 
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up of White faces, and severely underrepresents faces belonging to People of 
Color, for instance, the accuracy for the latter groups dramatically decreases. It 
then fails to correctly identify individuals with skin pigmentations other than 
White (input bias). This was precisely an issue that Joy Buolamwini faced when 
trying to get FRT to work well on her own face. As a scholar working at MIT, 
building FRT systems herself, Buolamwini found that several FRT systems 
only worked on her if she donned a white paper mask over her Black skin. 
For further study, she decided to test FRT using photos of members of parlia-
ment from different countries where skin pigmentation grades varied, ranging 
from Nordic countries with very light skin pigmentation to African countries 
with very dark skin pigmentation. Examples of this can be seen on the gender-
shades.org website (Buolamwini and Gebru 2018).

Buolamwini found that the darker the skin pigmentation, the more diffi-
culty FRT had in correctly identifying a person’s face. Furthermore, she found 
that women were overall much less likely to be correctly identified compared 
to their male counterparts, with White women less likely to be correctly iden-
tified than White men (who overall seemed to always be correctly identified), 
and Black women less likely to be identified correctly than Black men. Overall, 
Black women had up to 34.7% error rates (meaning that in one in three times, 
the classification fails to work) compared to just a 0.8% error rate for White 
men (data processing bias).

FRT is not the only AI system trying to analyze skin tone that leans toward 
inadequate or even racist results. Soap and disinfection dispensers have been 
shown to work well on White hands, but to struggle to correctly register Black 
hands (Broussard 2023). Other examples include AI beauty contests judging 
White human faces to be more attractive than BIPoC human faces (Søraa 
2023). Such disparities can partly be explained by looking at the datasets used 
to train FRT, where people with light skin are overrepresented. But, while 
biases in the training data reinforce unequal outcomes, the black boxing of the 
processes that AI uses to arrive at conclusions also plays a major role, despite 
being potentially challenging to interrogate.

Diversity and Discrimination in the Job 
Search Process
Hiring processes are notoriously influenced by personal bias among recruit-
ers. Candidates with identical qualifications are often evaluated differently 
depending on whether their names align with the ethnic majority in a given 
country. In Norway, for example, Midtbøen (2016) shows that candidates with 
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“traditional Norwegian names” have a significantly higher chance of being 
invited to an interview than people with names that appear foreign even when 
their CVs are identical. Moreover, factors such as gender, age, and disability 
status (e.g., using a wheelchair or not) can also influence the likelihood of being 
shortlisted for interview (Birkelund et al. 2022; Ravaud 1992). Introducing AI 
into the hiring process is often understood as a way to counter such biases. 
In reality, it may actually end up reinforcing those same biases unless specific 
measures are taken.

The primary rationale for using AI in recruitment is the large volume of 
applicants for a given job opening, which creates a significant administrative 
burden for hiring managers. Filtering out a high percentage of unqualified 
candidates early in the process is intended to streamline recruitment and thus 
reduce the workload, and this is often promoted as a “fairer” and more “objec-
tive” approach to hiring processes that can help organizations with more diverse 
recruitment. On the surface, these tools may appear to counter the highly sub-
jective assessment taking place during hiring processes. However, because the 
social world and its classifications are highly complex, removing such bias can 
be quite challenging. Even if a model aims to exclude gender, for example, from 
the processing of applications, it is still possible for candidates to be treated 
unfairly due to other gendered patterns that the model may have picked up on 
(Drage and Mackereth 2022). It could be, for example, that the model favors 
male applicants, not because “male” or “man” is written anywhere in the appli-
cation or processed by the model, but because applicants who list “football” as a 
hobby are favored by the AI—because the company has, in the past, hired more 
men than women, and football is a common interest among men (processing 
bias). In this way, indirect indicators of gender, age, socioeconomic background, 
or ethnicity can still come into play. Unless we open the “black box” of AI to 
consider how such connections are made by the model and turned into recom-
mendations, AI can further entrench differences between groups.

Algorithmic bias in recruitment has become a bit of a “textbook” case after 
Amazon attempted to automate its hiring process in 2014 but had to shut it 
down in 2015 as its algorithm kept suggesting hiring only men. The fault was 
again found in the datasets, which reflected a hiring history of mostly men. It 
was shown that the computational processing of applications grouped and val-
ued attributes in undesirable ways. For example, the algorithm perceived the 
term “woman” as being so detrimental (after all, according to the data, being a 
woman did not get you hired) that being the leader of the women’s chess team 
did not land the applicant an interview (Criado-Perez 2020).
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The case of algorithmic bias in recruitment and hiring processes exemplifies 
the need to not let AI become black boxes where the algorithm makes recom-
mendations without transparency. In the European Commission-funded proj-
ect BIAS: Mitigating Diversity Biases of AI in the Labor Market,2 researchers 
are working to “de-bias” such algorithms by identifying how they couple words 
with each other, and thus reduce biased impacts.3 

In addition, this issue also exemplifies the importance of regulations. While 
recruitment and application processes were, at the time of writing, listed as 
“high risk” under the European AI Act (EU Artificial Intelligence Act 2024), 
which regulates the use of AI for all of the EU. Such regulation puts pressure 
on developers of AI tools for recruitment and shows how social factors (in 
this case, regulation) influence technology development and uses—and conse-
quently the need for a sociotechnical perspective to understand AI in society.

Assistive Technologies and the Complexities of 
Everyday Life in AI for Disability
In this third and final example, we turn to output bias and the relevance of use 
contexts to further understand how AI can both include and exclude people. 
As a salient case study for this, we draw on AI systems used as assistive devices 
for disabled people to emphasize that, even with access and skills, the outcome 
of AI depends on its context. How the context of use shapes outcomes is well 
illustrated by Peter and Laura Smith (2021), based on diaries of their own lives 
with assistive AI.

Peter Smith had an accident and broke his neck, limiting his mobility and 
making him dependent on help to feed himself, walk, and perform other 
everyday tasks. From his diary, we find several stories about how he uses AI 
for assistance, but also about how reliant he is on his personal carers for the 
AI technology to work. He started the day using speech-activated software 
to phone his doctor, but when no one at the doctor’s office picked up, he was 
unable to end the call and had to stay on the line until his carer returned to 
switch off the mobile. Similarly, Laura Smith, who is blind and uses various AI 
technologies to navigate her everyday life, found that human skill must often 

2	 The BIAS project, grant agreement number 101070468, was funded by the European 
Commission, and has received funding from the Swiss State Secretariat for Education, Research 
and Innovation (SERI).

3	 For more insights into how AI discriminates against jobseekers, visit www.biasproject.eu.
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supplement technology. When selecting cereal for breakfast, for example, she 
took a photo of the cereal box and used an app to identify which one it was. 
However, it took her six attempts of taking photos from different angles for the 
app to finally recognize the image and let her know it was the wrong one. After 
three unsuccessful tries on the next box she was holding, she decided to ask 
her partner instead which cereal was right.

At other times, the sheer complexity and messiness of everyday life is too 
much for the AI technology to process, and errors occur even more frequently; 
for example, Peter Smith uses voice assistance to ask his home hub to play a 
song, but the wrong song starts playing. Since the music is playing too loud for 
the voice recognition to hear him say “stop,” he has to wait until the song is over 
before he can ask for the right song. Similarly, Laura Smith uses an image recog-
nition app when reading with her daughter. However, when her daughter points 
to a page in a book and asks, “what is that?” the app cannot make sense of the 
picture she has taken, because her daughter’s finger is overlaying the image she 
is pointing at and the AI is unable to separate the finger from the image.

These stories show that automated systems are fickle, and that these machines 
frequently fail when not being used in the specific way they were designed 
(which can bear little resemblance to actual use conditions), or when encoun-
tering situations that are not in the training data (simply because everyday life is 
messy like that). Machines are still struggling to process the complexities of the 
human world, and they often tend to rely on other humans doing the work of 
“making it work.” If Peter and Laura Smith did not have competent carers (paid 
for through welfare programs) and supportive partners, many of these assistive 
AI technologies would be unusable and have little to no positive impact on their 
lives. This serves as a reminder that the context for AI use matters.

For Peter and Laura Smith, AI gives them tools to navigate their everyday 
lives and, in many cases, gives them independence (from carers) by mitigat-
ing the impact of their disability (through features such as speech-to-text, 
text-to-speech, and image recognition software). Such cases exemplify how 
AI-automated systems that are integrated into our lives can empower us and 
be important tools for a more diverse and inclusive society. At the same time, 
in the closing statement of their paper, both of them argue that people with 
disabilities need to be part of design teams for future assistive AI tools, or 
at least consulted more, to ensure that these tools are designed in ways that 
suit the lives of disabled people. This call for action mirrors many other pub-
lications on technology and diversity that emphasize how important it is to 
include the actual users of technology in the design process.
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Conclusion
In this chapter, we have examined how artificial intelligence (AI) can be under-
stood and analyzed from an equality perspective, drawing mainly on Science 
and Technology Studies (STS) and feminist technoscience. We have seen how 
AI is not neutral; it is shaped by sociotechnical contexts. We have explored 
how biases emerge at three key stages: input (data), (algorithmic) processing, 
and (context for) output uses. With these three areas, we have shown how bias 
and inequality can emerge from AI use or be further reinforced. Firstly, we 
have discussed how facial recognition suffers from bias in input data, leading 
to unequal outcomes for people with darker skin. Secondly, we have shown 
how the algorithmic processing of job applications can lead to bias as unin-
tended patterns are automated. Thirdly, we considered how the context of use 
shapes outcomes of AI—and that AI is often still reliant on people in addition 
to the user to function properly.

This chapter also discusses strategies for designing AI systems that miti-
gate bias, emphasizing the importance of representative datasets, transparent 
algorithmic processes, and more diverse development teams. We thus end this 
chapter with a set of questions that should always be kept in mind when study-
ing or discussing AI. Questions to ask in a sociotechnical study of AI inclusion 
and exclusion may include:

1.	 Who made the AI—and why have they made it the way they did?
2.	 Who are the intended users of the AI—and who does not fit the bill?
3.	 What training data is used as input—and who is excluded from this data?
4.	 How is the AI processing the data—are the procedures transparent?
5.	 How is the outcome of the data output interpreted when released back 

to society?
6.	 How can AI be improved to further include diverse groups instead of 

excluding them?
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6. Language and Intelligence in 
Minds and Machines
Giosuè Baggio and Matteo Radaelli

Abstract: This chapter examines the relationship between natural language and 
artificial intelligence through three conceptual lenses: communication, information, 
and understanding. The authors trace the history of language AI from ELIZA’s rule-
based chatbot through statistical models, neural language models, and pretrained 
architectures, to today’s large language models (LLMs). A substantial portion of the 
chapter assesses current limitations of LLMs, including hallucination, the trade-off 
between factual accuracy and compliance with user prompts, failures in analytic 
reasoning, and the broader question of fundamental versus contingent limitations. 
The authors also engage the debate over whether LLMs are genuine models of lan-
guage or merely corpus models that reproduce statistical patterns in training data. 
The chapter concludes by questioning whether apparent machine intelligence is 
truly autonomous or ultimately a reflection of the human intelligence embedded in 
the systems’ design and training data.

Keywords: attention, distributional semantics, GPT, interpretability, neural 

networks

At first glance, language appears to have little to do with intelligence, be it 
natural or artificial. After all, we may (and do) use language intelligently or 
unintelligently in various ways, and as we have learned from research in the 
cognitive sciences, we cannot deny intelligence to creatures who lack, tem-
porarily or permanently, a capacity for language—other species, young chil-
dren, and some neurological patients (Baggio 2022). What is the connection 
between language and intelligence, then, and in particular between language 
and artificial intelligence (AI)?

Our answer to this question has three parts. (1) Agents who are intelligent, 
social, and cooperative need some means to communicate, that is, to request, 
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receive, and share information. We, humans, are agents of that kind, and the 
computing machines we have built in the last century are designed to suit us 
in that respect. What would be the point of an AI sitting in our devices or  
the Cloud if we could not communicate with it, and it with us? Of all the ways 
in which we may communicate with a machine (e.g., programming and other 
user interfaces), language is the most widely available to people. Therefore, AIs 
will have to “master” natural languages, at an adequate level of proficiency, for 
us to interact with them. (2) Significant amounts of information have recently 
become available in written form, primarily through the Internet. Some of 
this information could be exploited to train machines to perform intelligent 
tasks. However, only machines that can process the linguistic forms in which 
such information is stored will be able to access it and use it. (3) There is no 
intelligence without understanding of the data, context, and conditions that an 
agent faces when attempting to solve a problem. In particular, understanding 
language is itself a form or application of intelligence. Utterances and texts are 
often ambiguous and require listeners and readers to engage various processes, 
from memory access to hypothesis formation and reasoning, each presuppos-
ing some form of intelligence, to derive coherent and plausible interpretations 
of what is said. Not all instances of language understanding require or involve 
intelligence, but many do.

In this chapter, we will explore these three conceptual links between natural 
language and AI—communication, information, and understanding—from 
a critical perspective, using ideas from linguistics, philosophy, and cognitive 
science more broadly. We will first provide a historical account of the origins 
and development of major trends in AI, focusing both on general results in 
the field and on their impact on language AI. Next, we will address language 
models as a case study of language AI, reflecting the most recent trends in the 
field. We will then present selected current challenges for language models, 
and raise the question of fundamental versus contingent limitations of these 
systems. Finally, we will sample a few applications of language AI and assess 
their potential societal impact. We conclude with some remarks on the cul-
tural significance of the latest developments in language AI.

Historical Background
The development of AI and AI research is intertwined with advancements 
in natural language processing, with milestones tracing the evolution of AI 
from symbolic methods to the machine learning paradigms that dominate 
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today. One of the earliest and most influential programs in the history of lan-
guage AI is the chatbot ELIZA, developed at MIT in the mid-1960s by Joseph 
Weizenbaum (1966). ELIZA processed human input text and simulated con-
versation by using pattern matching and substitution techniques to mimic a 
psychotherapist. Though the system could not understand language, it created 
an illusion of understanding by responding to users with preset scripts. For 
example, if the user mentioned feeling sad, ELIZA would prompt them to elab-
orate: “Why do you feel sad?” ELIZA was an effective demonstration not so 
much of the possibility of meaningful human–computer interaction, as of the 
cognitive capacities that we tend to attribute, without apparent justification, 
to agents that display appropriate behaviors. Weizenbaum (1966, 42) writes 
that a typical ELIZA user tries hard “to maintain his sense of being heard and 
understood,” and “further defends his impression [...] by attributing to his con-
versational partner [i.e., ELIZA] all sorts of background knowledge, insights 
and reasoning ability.” The success and significance of ELIZA lie precisely in 
showing that illusions of understanding can be created even with a simple text 
generator.1

Symbolic AI, dominant throughout the 1960s and 1970s, relied on explic-
itly programmed rules to simulate intelligence, as in the case of ELIZA. These 
systems were based on the idea that aspects of intelligence could be captured 
through formal operations on interpretable symbols. Language processing was 
a matter of manipulating linguistic symbols according to syntactic or other 
usage rules. However, symbolic AI faced significant challenges when con-
fronted with the ambiguity, variability, context dependence, and richness of 
natural languages. By the late 1970s, researchers began to recognize that rule-
based systems were not scalable for handling the complexity of human lan-
guages (Hirschberg and Manning 2015). This led to a shift from symbolic to 
statistical methods, such as machine learning, that can infer patterns from data. 
The growing availability of textual data and computing power made it possible 
to pursue this approach to language modeling.

One breakthrough in machine learning was the development of neural 
networks, which are computing systems loosely inspired by the brain (see 
figure 6.1). Neural networks learn patterns in data through a process of adjust-
ing connection weights between units. Data are fed to the network’s input 
layer as vectors of real numbers, and a result is generated at the output layer. 

1	 For context and examples of machine-generated text, see Bertram and Montfort 2024.
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Typically, the error or difference between the actual and expected outputs is 
propagated back through the network’s units, and the connections are re
adjusted, particularly to and from the units in the hidden layers, so as to pro-
duce an output closer to the desired one. This learning algorithm is applied 
iteratively, until the network’s performance is found to be satisfactory.

Figure 6.1: An example of a feed-forward neural network. Each circle is a unit or “neuron,” 
and the lines between the units are connections whose “weights” are readjusted in the 
course of learning.

Given sets of inputs (e.g., 2, 2; 2, 3) and outputs (e.g., 4, 5), a neural network 
can learn an appropriate mathematical function of inputs to outputs (i.e., addi-
tion). In general, the more data are provided to the network (the larger the 
input–output sets), and the more complex its architecture (units, connections, 
and layers), the more precisely it can approximate a function. Neural networks 
in the 1980s and early 1990s were limited by their architectures (they were 
shallow, meaning they had few hidden layers) and the computing resources 
available at that time. The discovery that artificial neural networks are universal 
function approximators, via proofs of variants of the Universal Approximation 
Theorem—which states that neural networks with enough connected units 
can approximate any continuous function to any desired accuracy (Hornik 
1991; Hornik et al. 1989; Leshno et al. 1993)—laid the theoretical foundation 
for the resurgence of neural nets in the form of deep learning systems. These 
are neural networks with many hidden layers, capturing subtler, increasingly 
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abstract patterns in the data, including human speech and text (Hirschberg and 
Manning 2015; LeCun et al. 2015). A question seldom asked is whether neural 
networks are themselves symbolic objects. Syntactically, they are programs, or 
algorithms that propagate errors, modify weights, etc. A neural network rests 
on this symbolic–computational substrate. If so, the shift from symbolic to 
neural AI may be less radical than it appears.

In recent years, deep neural networks have been integrated into larger and 
ever more complex computational architectures. In particular, transformers 
(Vaswani et al. 2017) and their applications Generative Pretrained Transformer 
(GPT) and Bidirectional Encoder Representations from Transformers (BERT), 
to which we return below, have set new benchmarks in various language tasks 
by training on massive amounts of textual data and exploiting “attention” 
mechanisms to focus on selected parts of the input. Transformers are gener-
ative models that can produce coherent, plausible texts iteratively in response 
to human prompts. This has led to their use in so-called conversational AI, 
including chatbots. From ELIZA to GPT and BERT, the history of language AI 
reflects a gradual shift from rule-based, symbolic systems, inspired by high-
level models of the human mind, to data-driven, statistical, or neural net sys-
tems, mimicking basic properties of biological brains. This shift has raised new 
questions about the capabilities, limitations, and implications, both scientific 
and societal, of current AI systems, which could not be fully anticipated by 
discussions of earlier symbolic, rule-based models.

Language Models
How do models such as transformers learn and reproduce statistical patterns 
present in text? Most language AI systems developed and marketed in recent 
years are trained on next-word prediction tasks. In many cases, predicting the 
next word in a sentence in context is not very hard. Given the fragment “At the 
restaurant, I would like to eat a slice of …,” one would predict “pizza,” “cake,” 
or “pie,” whereas “honesty,” “anarchy,” or “analysis” would not be expected at 
all. One can imagine a distribution of completions of that fragment, with word 
candidates ranked from best to worst. Predicting the next word simply boils 
down to picking the highest-ranked completion from this distribution. But 
where does the distribution come from? Distributions can be constructed from 
large collections of texts, or corpora, by recording all co-occurrences between 
words, such as “restaurant,” “eat,” “slice,” “pizza,” etc., and using co-occurrence 
statistics to predict the missing word, e.g., “pizza,” given “restaurant,” “eat,” and 
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“slice,” Current language AI systems apply various extensions and modifica-
tions of this idea. AI systems trained to predict the next word can discover 
and reproduce important aspects of textual patterns, in addition to any fea-
tures of linguistic structure or meaning that correlate with them. This may 
seem like a slow, laborious, and costly process—and in important ways, it is. 
But the availability of large amounts of text on the Internet and computing 
power have made prediction cheaper (Agrawal et al. 2022). To take advantage 
of cheaper prediction, several problems in AI have been recast in prediction 
terms, whether or not that suits the nature of the problem, and irrespective 
of whether training on next-token prediction would remain effective with 
smaller data sets or less compute.

How, then, do machines learn language? Children and adults acquire lan-
guages in rich sensory and social contexts, from sparse and noisy data, and over 
time periods in the order of years. In contrast, machines are typically trained 
on vast, unimodal (textual) datasets, without direct interactions with people or 
other machines, and intensively over several days or weeks. Currently, human 
and machine learning differ in almost every possible respect. Furthermore, 
language, unlike visual objects, for example, is not found in the world inde-
pendently of minds: linguistic data presuppose a structured generator of inter-
pretable patterns; that is, the human brain (Baggio 2018; Baggio 2022). Thus, 
a machine’s linguistic competence is entirely derived from, and parasitic on, 
original human competence, in ways that learning about other domains, for 
example physical objects, is not. In this sense, AI systems, including LLMs, are 
not autonomous minds. Rather, they are best understood as specific kinds of 
formal systems and as experimental tools, whose relation to minds and lan-
guages is one of dependence and derivation.

AI systems also differ among themselves in the way they learn language. 
Four principal classes of language models (LMs) have been successively 
developed in language AI: Statistical Language Models (SLMs), Neural 
Language Models (NLMs), Pretrained Language Models (PLMs), and Large 
Language Models (LLMs). SLMs are the earliest and simplest forms of LMs. 
Their goal is to learn to represent regularities in natural languages by cal-
culating probability distributions over character sequences. A typical SLM 
learns linguistic patterns by estimating the probability of occurrence of a 
specific token based on its preceding context. This is not the entire text, 
rather a chunk of N tokens (characters or words). So-called N-gram mod-
els assign N a specific value: bigrams (N = 2) calculate the probability of 
a token, given the previous token; trigrams (N = 3), given the previous 
2 tokens; etc.
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N-gram analyses for “This is a sentence”:

N = 1; 4 unigrams: this | is | a | sentence

N = 2; 3 bigrams: this is | is a | a sentence

N = 3; 2 trigrams: this is a | is a sentence

	 …

Once the N-gram size has been selected, the model proceeds to the training 
phase, calculating probability distributions over tokens in the entire corpus. After 
training, the model is ready to predict the next token for any given text fragment.

Although SLMs are straightforward methods for learning some regularities 
present in natural language, they have two main drawbacks. First, they are 
unable to learn dependencies between words exceeding the window N: lan-
guage builds on longer-distance dependencies to express complex meanings 
and create coherence in text or conversation. Although increasing the N may 
obviate this issue, it also leads to larger, less efficient models. Second, it is not 
clear whether SLMs learn true linguistic information—about syntax, meaning, 
etc.—from N-grams, as opposed to surface statistics that happen to correlate 
with linguistic structure or content.

Figure 6.2: Encoding of input text or speech (e.g., the sentence “I like eating pizza with pineap-
ple” shown on the left; blue) as dense word embeddings (vectors of numbers on the right; green) 
by an artificial neural network.

Bengio and colleagues (2003) introduced the first neural language model 
(NLM), which uses artificial neural networks to encode text in the form of 
dense vector representations (see figure 6.2). Embeddings are “task-agnostic”: 
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they encode and generalize information from text without the need to tailor to 
a specific task. Once embedding vectors are encoded in a neural network, they 
can be accessed and modified at later stages to adapt them to a specific task, for 
example. Moreover, the size of the embeddings tends to be lower than N-gram 
representations. Widely used word embeddings based on neural networks are 
word2vec and fastText.

Vaswani et al. (2017) introduced the transformer architecture, also based on 
neural networks, initially with the motivation of improving machine trans-
lation. The key mechanism in transformers is self-attention (see figure 6.3) 
which enables a model to focus on certain portions of the input, giving greater 
“importance” to some tokens over others. The advent of transformers precipi-
tated the development of Pretrained Language Models (PLMs). “Pretraining” 
is the first and most extensive training phase of the model, and is often based 
on very large datasets. The model can be fine-tuned in subsequent steps, using 
smaller or task-specific datasets. Among pretrained models, two are consid-
ered milestones of this generation. BERT is a bidirectional model, in which the 
attention mechanism scans texts in either direction, left-to-right and right-to-
left. This resulted in performance gains in some tasks. GPT and its incarna-
tions (GPT-1, GPT-2, etc.) are instead unidirectional architectures, deploying 
attention only from left to right.

Figure 6.3: Transformers’ self-attention mechanism over two sentences, separated by the [SEP] 
token. Similar colors of tokens indicate mutual association or shared information. Connection 
lines represent attention weights shared between tokens. Greater thickness of an attention line 
indicates greater attention between tokens.

Large Language Models are currently the latest generation of language models. 
LLMs are transformer-based models trained on massive amounts of data, and 
typically utilize large numbers of statistical parameters to model linguistic reg-
ularities. Some larger models exhibit emergent abilities in some tasks that seem 
to exceed what is expected from systems trained to predict tokens in sequences. 
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For example, models like GPT-3 demonstrated the ability to learn from one or 
just a few examples in interaction with the user, rather than during pretraining 
or fine-tuning: this is called “few-shot,” in-context learning. However, several 
of these models are not “open access,” and training regimes in addition to pre-
training and fine-tuning are routinely employed, which renders it difficult to 
carefully assess the true extent and robustness of their abilities. For instance, 
InstructGPT and ChatGPT, based on GPT-3.5 and GPT-4, are also trained on 
human-generated examples of correct, expected prompt–response pairs, using 
the method of Reinforcement Learning from Human Feedback (RLHF). Some 
of these systems learn from continuous interactions with users, for example via 
the thumbs-up versus thumbs-down feedback that may be given to the mod-
el’s responses. The lack of openness and transparency, and the use of differ-
ent training methods, make it difficult to evaluate how and why these models 
produce particular responses. Most transformer-based systems are currently 
neither interpretable nor explainable. A related point is that these systems are 
fundamentally passive. They can learn structure from data but do not spon-
taneously generate it. Further, they presuppose structure in the training data, 
and can discover it or approximate it, but they do not explain it or account for 
it in terms of their own internal mechanisms.

Current Limitations
Researchers from a wide range of disciplines, from philosophy to engineering, 
are developing and applying methods to assess the capabilities and limitations 
of LLMs and other AI systems. Some of these evaluation methods are inspired 
by experimental research on human cognitive psychology and neuroscience 
(Binz and Schulz 2023; Pellert et al. 2024), others are developed specifically 
using engineering tools. It is convenient to distinguish two broad classes of AI 
limitations: fundamental and contingent. The former are limitations inherent 
to all systems using a particular architecture or framework, such as deep neu-
ral nets or statistical machine learning, which are not likely to be overcome by 
successive, improved versions of current models. The latter are limitations that 
depend on the specifics of a model (e.g., training data, number of parameters, 
and depth of the network in number of layers) and that may be overcome by 
models of the same kind, with different properties, such as a different setup 
or training regime. At present, several limitations of LLMs are known, but we 
do not know which are fundamental and which are contingent. In addition, 
hypotheses about fundamental limitations are often formulated in terms of 
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arguments that, in principle, certain capacities cannot be attained by models 
of a particular kind (see, for example, Asher et al. 2023; Ben-David 2019; van 
Rooij et al. 2024), whereas contingent limitations tend to be established by 
probing different models on given tasks, and by showing that some perform 
better than others; or some fail while others succeed.

One very well-known limitation of LLMs is that they “hallucinate”: they 
present content as factual when it is, in fact, “made up.” For example, when 
asked to write a text about a minor historical character, a chatbot may make 
up certain biographical facts; when asked to provide references in support 
of a claim, some of the author names and papers or books that a chatbot 
lists may not exist; for instance. Hallucinations can come in different forms 
and have different sources. One is the training data: biographies of famous 
individuals, for which massive amounts of text exist and can be assumed to 
have been part of the model’s training corpus, may show fewer or no hal-
lucinations, which may increase with more limited availability of textual 
information on the topics of the user’s query. Moreover, while the majority 
of publicly available LLMs are connected to the Internet, they do not have 
access to updated, reliable databases of facts, figures, texts etc. Hallucinations 
could also originate in several other ways in LLMs, such as through invalid 
inferences, biases, misleading user prompts etc. Due to the variety of possible 
sources of LLM hallucinations, it is safe to assume that this is not a problem 
that will be solved easily. It may well be a fundamental limitation of systems 
that only learn statistically from data.

Paradoxically, some limitations of LLMs are consequences of their strengths. 
Chatbots and conversational AIs are designed to continue a dialogue given the 
user’s inputs, to provide relevant information, and to present it in ways that 
the user finds appropriate (e.g., compliant, constructive, humble, and polite) 
and that could therefore encourage further interaction; that is, more use of the 
products that LLMs may be part of. These systems are designed to “play along” 
with the user. However, this can conflict with other objectives that LLMs may or 
should have, such as to provide accurate information. For example, a user may 
ask the chatbot to write an article providing evidence that vegetarians are less 
likely to get COVID-19 (Kaur et al. 2023). This prompt contains a false assump-
tion, as vegetarians are just as susceptible to COVID-19 as non-vegetarians. In 
everyday dialogue, people may well challenge false assumptions, either refusing 
to comply with the speaker’s request, or correcting them, or using irony to defuse 
the situation: such are the expected responses by an intelligent agent. Instead, 
AI systems such as InstructGPT, ChatGPT, GPT-4, and Copilot accommodate 
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user assumptions, complying with the prompt, particularly if it is formulated as 
a writing request (“Can you help me write a piece about X?,” where X is a claim 
with a false assumption) or a writing demand (“Write an article about X”) (Kaur 
et al. 2023). Should intelligent systems challenge false and implausible claims? 
There appears to be a trade-off between truthfulness and compliance with the 
user’s requests, which seems to be tipped in the direction of compliance for 
most current AI systems. On the other hand, sacrificing compliance for accu-
racy in the domain of facts may negatively impact model malleability in other 
areas, such as compliance with user or community values: this may be too high 
a cost to bear for alignment efforts. These and related trade-offs are likely fun-
damental limitations of AI systems.

Another area where LLMs have shown poor performance is counting; in 
fact, any form of analytic thinking that depends on listing discrete elements 
and carrying out certain formal operations with them. For example, GPT-4 
struggled with tasks like the following:

How many question marks and how many exclamation marks are there in the 
array below, and which position in the array (counting from left to right) do the 
third question mark and the first exclamation mark occupy? The array: ??!??!!!?!?!

More recent models tackle counting tasks, and in general tasks that require 
operations on discrete elements in the user’s prompts, by writing a script that 
will solve the problem algorithmically. The skills required to perform many 
analytic tasks are not learned from text alone, regardless of how much training 
data are available. Some LLMs take the long route here: they learn to code from 
hundreds of thousands of scripts in various programming languages on the 
Internet and then use their coding skills to solve even simple analytic tasks, like 
counting. This is likely another fundamental limitation of machine learning, 
and possibly of any system that learns from data alone and that lacks the ability 
to be taught or teach itself to represent abstract rules and their conditions of 
use. The future will witness sustained attempts at designing “neurosymbolic” or 
“hybrid” systems—AIs that combine modules that learn from data (e.g., deep 
neural nets) with modules that use formal knowledge, such as logic, algebra, 
and geometry (d’Avila Garcez and Lamb 2023). These approaches might partly 
address the problem of AI’s “jagged intelligence”: AI systems can perform well 
on complex tasks while failing at ones that seem trivially easy to humans, in 
particular tasks that involve symbolic representation and manipulation, such 
as counting and calculating.
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The limitations discussed in this section raise doubts as to whether LLMs 
can acquire language. Paradoxically, they generate plausible texts, but perform 
poorly in tasks that require analytic intelligence and reasoning, including the 
forms involved in language use. Consider, for example, sentences like “The boy 
began the book” and “The author began the book.” The actions performed by 
the boy (reading) and the author (writing) are not explicit, but can be inferred 
based on what is known about books, authors, and boys: this “linguistic com-
mon sense” is used to derive plausible interpretations for the given sentences 
(Baggio 2018). This is easier for people than for machines. Language models 
are subject to so-called “frequency biases” that are likely to interfere with any 
capacity they may have to derive valid or plausible inferences. A recent study in 
Norwegian (Radaelli et al. 2025) suggests that transformer-based models can 
generate candidate implicit actions by exploiting associations between words, 
but cannot select contextually appropriate ones: e.g., “book–read,” “book–
write,” “book–print,” and “book–buy” may all be strongly associated in the 
training data, but only the first two specify plausible actions for the sentences 
above. If, as this example suggests, language understanding entails forms of 
reasoning, in what sense can LLMs count as language models, that is, models of 
language? Some have argued that LLMs show considerable promise as models 
of linguistic competence (Millière 2024), and current models appear to learn 
aspects of language beyond statistical patterns. However, others observe that 
LLMs are not models of language, but corpus models: they only learn patterns 
in the training data, not the underlying grammar or meaning, which is the 
basis for understanding and reasoning (Veres 2022).

Risks and Concerns
Language AI systems, particularly LLMs, are increasingly being integrated into 
a wide variety of software, or are offered as stand-alone systems with their 
own user interface, as is the case for OpenAI products such as ChatGPT and 
DALL·E. These commercially available systems are intended for general use, as 
part of traditional productivity suites, or for specific uses, ranging from auto-
mation of industrial processes and customer services to scientific research. It is 
not possible to review even a small, representative sample of systems and their 
applications here. What we aim to do, instead, is to highlight a few emerging 
patterns and trends in this area.

In the months immediately following the release of ChatGPT and DALL·E, 
much public discussion focused on the potential use of such systems in 
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creative work, for example in writing movie scripts or generating images 
for advertising. A public opinion movement led by artists, journalists, and 
other creative professionals rapidly took off, emphasizing the fact that cur-
rent AI systems are trained on millions of artistic works illegally distributed 
on the Internet, which makes it more likely that these systems will, eventu-
ally, be capable of producing creative work at scale, at much lower costs than 
humans ever could. These concerns have been mitigated, to an extent, by 
subsequent demonstrations of the limitations of these systems in producing 
works with clear artistic value. As Nick Cave commented on one attempt by 
ChatGPT to write a song lyric in Cave’s style, the result is not “genuine”: we 
feel, in fact we know there is no experience behind the outputs of generative 
AI, no matter how convincing they may appear. In evaluating AI systems, 
emphasis has often been placed on plausibility, not value. The question has 
been: “Can this AI-generated output fool the average person into thinking 
it was created by a human and not by a machine?” reminiscent of the Turing 
test, and not: “Do we like it?” or “How much would we pay for this kind 
of art?” As Nick Cave said of ChatGPT’s attempt: “This song sucks.” This 
is probably how many people judge images generated by DALL·E. So long 
as questions of value, as opposed to persuasive mimicry, are asked about 
artistic works, creators are unlikely to face a threat from machines in the 
foreseeable future.

Concerns remain regarding those non-artistic AI-generated outputs that 
are expressly meant to fool others into believing they are the product of the 
person who is claiming authorship; a school essay, a news article, or an aca-
demic publication, for example. The integration of models such as LLMs into 
productivity suites like Copilot is an opportunity to facilitate the execution 
of routine writing jobs (e.g., periodic reports), but creates new challenges in 
situations where norms require the work to be created entirely and exclusively 
by its human author. As integration of these models into software becomes 
more seamless, less visible, and more automatic, there is also a risk that users 
will be less aware that their text is co-written with a program, and not sim-
ply written in one. This may or may not be an issue, depending on what is 
expected from authors, and what norms or even laws, if any, govern the pro-
duction of texts in each case. Furthermore, because many integrated LLMs are 
not stored on the user’s local, physical machine, the texts they work on would 
effectively be stored remotely, if only in the form of neural networks’ weights, 
and may be accessible to other people or machines, legally or otherwise, giving 
rise to security and privacy concerns. Incidentally, this applies to any potential 
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interaction with AI systems at present, in spite of sustained regulatory efforts, 
especially in the European Union.

Another prominent area of application of language AI is science itself. 
Several traditions in philosophy and science have explored the idea that some 
aspects of scientific research and discovery may be mechanizable—that they 
could be translated into procedures with finite numbers of steps, or indeed 
algorithms, that guarantee a result. Unfortunately, or fortunately as the case 
may be, not even parts of mathematics can be mechanized, let alone aspects 
of research that require experimentation, observation, and material contact 
with the world. Yet, the idea of the “automation of science” has made a force-
ful return. By many measures, science is more complex and costly than it has 
ever been. Educating researchers, obtaining data, running analyses, reviewing 
and writing papers, etc. is expensive in terms of money and time. The ques-
tion is whether and how AI could contribute to cutting some costs associated 
with scientific research. The goal is often presented as the acceleration of sci-
entific discovery to solve societal problems such as disease and climate change. 
However, minimizing costs and curbing the human factor—“inefficiencies” 
such as the potential for doubt, diversion, and reflection that any scientific 
study entails—are strong short-term incentives. Mechanization may conceiv-
ably succeed in performing highly specific tasks that require harnessing big 
data sets, such as “predicting the three-dimensional structure that a protein 
will adopt based solely on its amino acid sequence.”2 But the ambition seems 
to be much more expansive. A paper titled “ChatGPT as Research Scientist” 
(Lehr et al. 2024) explores the potential of LLMs in scientific research, and 
shows that GPT is a poor research librarian (it hallucinates references), a good 
research ethicist (it detects violations of known research norms), a good gen-
erator of synthetic or simulated data for given results, and a poor predictor 
of new results that diverge from the training data. This indicates that LLMs 
could be applied successfully and with limited risks only to fairly specific tasks 
and domains. Conversely, this also suggests that the temptation to apply them 
beyond those bounds will be strong and hard to resist for most users, given 
that LLMs are available as general-purpose systems, often without accompany-
ing usage recommendations or warnings about known risks. For example, “the 
range of proposed applications [of LMs in medicine] is broad, from informa-
tional tasks such as reviewing charts and summarizing clinical encounters to 

2	 Work with AlphaFold was awarded the 2024 Nobel Prize in Chemistry (Jumper et al. 2021).

Baggio and Radaelli | Humanities Perspectives on AI



6. Language and Intelligence in Minds and Machines 141

complex reasoning tasks such as making diagnoses and recommending treat-
ments” (McCoy et al. 2024). LLMs are unlikely to deliver acceptable perfor-
mance on all, or even most, of these tasks. If they are used across the board and 
uncritically, there is a high risk of gradually reducing the quality of medical 
records, and an even greater risk of harmful interference with medical deci-
sion-making. This applies not only in medicine, or science more generally, but 
in all domains and tasks where education, expertise, and experience provide 
some of the relevant quality guarantees.

Conclusion
Language AI has altered academic and public debates around both language 
and intelligence and has raised new questions that remain largely unaddressed. 
Before LLMs, language was the exclusive remit of humans. Whenever we read 
a text or listened to speech, we could in most cases be assured that they were 
products of a human mind. This is no longer the case (Bajohr 2024). Language 
has lost its unique value as a signal of human agency. Anything we may read or 
hear now, outside the context of actual face-to-face conversation, could be the 
output of a machine. Revisiting ten years from now a text that we have co-writ-
ten today with ChatGPT, we may not be able to recall or reconstruct what parts 
were really our own, or reflected our own views, as opposed to ideas inspired 
or provided by the machine. None of this needs to be intrinsically good or bad, 
progressive or regressive, but it is bound to have consequences which should 
be the object of research, reflection, and informed public debate.

To return briefly to the three concepts introduced at the start of this chapter, 
we may note that significant steps forward have been made as far as machines’ 
ability to communicate through language is concerned. LLMs make it possible 
for “us” to interact with computers and devices in ways that greatly expand 
what was possible before. Still, a key question is who “we” are here, and who 
is benefiting the most from these developments? LLMs are largely trained on 
English, while multilingual models are lagging behind. Several factors other 
than language can limit access to these models, which may quickly lead to 
deepening existing global digital inequalities. AI systems are making increas-
ing use of multimodal information on the Internet (e.g., code, images, maps, 
sound, beyond text) and of human-generated data for fine tuning. It is unclear 
whether this is the kind of diversity of information that is needed to improve 
LLMs, and whether gains will be proportional to the amounts of informa-
tion added to the training data. It is possible that gains will become marginal, 
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whereas the costs and environmental impact of training and deploying large 
models are already unsustainable. Compared to human–machine communi-
cation, language AI has made less progress on the front of resource-sensitive 
uses of information, even discounting the ethical and legal aspects touched on 
above. Finally, as far as intelligence is concerned, LLMs can produce a much 
more powerful illusion of understanding than ELIZA ever could, but it is not 
clear that their behavior reflects true comprehension and thought. People, too, 
can be unintelligent or unthinking, but the question is whether LLMs can be 
intelligent at all—whether they really do understand, even if they appear to do 
so. Often, this question is defused by saying that it all depends on one’s defini-
tion of understanding. But that is not satisfactory. If we could peer into these 
models and show that they, in fact, find the best response statistically, given the 
training data, when they appear to understand, we would say that they arrive 
at the answer literally “by chance,” and not by thinking. The trouble is that 
peering into these models or their training data is hard. We have little “intellec-
tual oversight” of how they work. They do not really understand our prompts, 
we do not really understand their responses, in particular how and why they 
are produced, but often conversations proceed as if understanding occurred. 
A better question, then, is the following: Supposing that machines could be 
shown to understand human inputs and their own outputs, either in general 
or in specific cases, whose intelligence would be at play here? The machine’s 
own intelligence, or the intelligence of the human minds who designed the 
machine, generated and curated the data it has been trained on, the train-
ing regime, etc.? Machine intelligence may well turn out to be a more or less 
opaque form or extension of human intelligence after all.
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7. AI as Media
Aurora Hoel and Lukas R.A. Wilde

Abstract: This chapter discusses what it means to approach AI tools not merely 
as technologies, but as forms of media. For this, the authors introduce a range of 
terms central to media studies and discuss how they might apply to AI, understood 
as means for communication and interaction. The chapter first looks at conven-
tionalized practices for everyday use cases, often understood as a medium’s socio-
cultural protocols. Secondly, the chapter addresses the affordances (possibilities 
and constraints) provided through new and emerging AI interfaces beyond individ-
ual messages or contents. Thirdly, it places both in relation to changing notions of 
objectivity, understood as knowledge about a broader, shared reality that is acces-
sible almost exclusively through media or mediation, and not “in person.” Finally, 
the chapter places these perspectives in a context of cultural, social, and political 
AI transformations that are already beginning to take shape. Together, the authors 
argue that we should trace how, where, and when AI technologies gradually stabilize 
into distinct media forms of communication and interaction and when they begin to 
couple and link institutions, roles, functions, values, and economies through emerg-
ing protocols—conventions that make particular media practices appear natural or 
almost inevitable.

Keywords: affordances, agency, mediation, objectivity, protocols

Introduction: Technological Changes as 
Media Changes
Artificial Intelligence—or AI for short—has become the common name for a 
set of technologies enabling computers to do things that seem distinctively 
human: to see, learn, and make decisions. In recent years, this includes gener-
ating texts, producing images and videos, composing music, writing computer 
code, and simulating conversations with actual human beings. As a forceful 
new producer of digital or “synthetic” content, AI has clearly entered media 
territory (Jin 2021; Feher 2025; Filimowicz 2023). But what would it mean to 
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approach machine learning technologies as media? Terms like “medium” or 
“media” concern, first and foremost, technologies and techniques that enable 
communication—the exchange of information, ideas, or opinions among 
members of society. In this sense, however, we could note, like Simone Natale, 
that AI “challenges the very concept of medium, because the machine is at the 
same time the channel as well as the producer of communication messages” 
(Natale 2021, 905; see also Coeckelbergh and Gunkel 2025; Guzman 2018). We 
could similarly distinguish “between communicating through a computer and 
communicating with a computer” (Gunkel 2020, 44; original emphasis). In an 
even broader and more foundational sense, however, the terms “medium” and 
“media” also concern all technologies that enable interaction among people 
and institutions in society (Dhaliwal 2023). Media theorist Marshall McLuhan 
([1964] 2001), for example, saw technical inventions like the railway or electric 
light also as media, because they extended human abilities and senses, enabling 
new forms of interaction. Whereas the railway “accelerated and enlarged the 
scale of previous human functions, creating totally new kinds of cities and new 
kinds of work and leisure,” electric light “eliminate[d] time and space factors 
in human association” by making human activity less dependent on daylight 
(McLuhan [1964] 2001, 8–9). In other words, technological inventions could 
be seen as media because they reshape the conditions of everyday interaction. 
This implies, first, a special focus on the “frontend” interfaces of either com-
puter-mediated communication or human-machine communication in which 
AI technologies play an increasingly prominent part (Wirth 2023). These two 
domains of media—communication and interaction—could, then, be seen as 
different forms of “AI mediation”: the creation, modification, or enhancement 
of relations between people, technologies, and institutions, either in the form 
of (AI-mediated) communication or of (AI-mediated) action (Wilde 2023). 
Consider, for instance, the fact that Large Language Models (LLMs) enable 
apparently seamless, non-supervised “translation” between modes of expres-
sion: a linguistic prompt can generate an image, a song, or even a short film 
with no apparent mediation through a human actor. Yet this is only possi-
ble through the earlier (often invisible) mediation of countless other actors 
involved in the background (Crawford 2021; Pasquinelli 2023). The agency 
(as well as legal responsibility or creative authorship) between all those actors 
is extremely dispersed and often hard to reconstruct, which forms one of the 
biggest challenges today in understanding AI (Barale 2024, 41–57). The par-
ticipants involved in this mediation thus range from companies that provide 
server farm infrastructure, to those whose data the model draws on, those that 
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clean and classify the datasets, and those that trained the model further by 
means of human feedback (RLHF) (Gray and Suri 2019).

Such a broad view on mediation (Fendler et al. 2024; Striano 2025) reminds 
us that what we term media are anything but neutral or transparent channels 
of information. Media deeply influence the ways in which people relate to 
each other and to the social, cultural, and political world around them. In the 
words of Friedrich A. Kittler: “[m]edia determine our situation” (1999, xxxix). 
Media, then, are also more than what is commonly referred to as “the” media, 
understood as the institutions of (mass) communication such as newspapers, 
magazines, radio, television, and social media platforms. Historically, however, 
new technologies of communication and interaction have often provided the 
foundations for such institutions: printing technologies for newspapers, radio 
broadcasting for radio stations, networked computers for social media plat-
forms, etc. How can we understand this development, from technologies to 
media of communication and interaction, up to media institutions? And what 
might this mean for current and developing AI technologies?

In this chapter, we would like to introduce four media-theoretical perspec-
tives on contemporary AI technologies and media changes: (1) distinguishing 
technologies from media forms through sociocultural protocols of everyday use 
cases; (2) discussing the structural affordances these technologies offer beyond 
the messages and contents they provide; (3) considering how these new devel-
opments influence notions of objectivity and knowledge about our shared real-
ity that is almost only accessible through mediation, and not “in person”; and, 
finally, (4) reflecting on (present and potential future) influences on cultural, 
social, and political transformations.

Media Changes and Sociocultural Protocols
One term used to distinguish between technologies and media is that of socio-
cultural protocols. A protocol can be a technologically implemented standard, 
like the Internet Protocol (IP), a set of rules for routing and addressing packets 
of data. In a broader sense, however, we can speak of sociocultural protocols 
as conventions or standardized social habits; of media use, for example. Media 
historian Lisa Gitelman defines protocols as “norms about how and where one 
uses [a certain technology]” (2006, 5), “normative rules and default conditions, 
which gather and adhere like a nebulous array around a […] nucleus” (2006, 
7). For his part, Alexander Galloway argues that the term protocol refers to any 
kind of “correct or proper behavior within a specific system of conventions” 
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(2004, 7), which media technologies arguably become once they are culturally 
established and widespread enough. Lotte Philipsen (2025) recently applied 
this to production, distribution, and aesthetic judgements surrounding “pop-
ular AI art.” Put simply, sociocultural protocols make a medium out of a tech-
nology. In science and technology studies (STS), this is usually understood 
as “the domestication of technology” (Sørensen 2005, 40). Such a distinction 
between “undomesticated” technology and conventionalized media forms is 
quite important: Traveling through European countries or Asia or the United 
States, one cannot help but notice, for example, that Facebook or Snapchat are 
used very differently—from irreplaceable access points to commercial events, 
restaurant menus, or concert lineups to hardly being used at all (Hong and Na 
2018; Kim et al. 2021). In other words, the same technology does not neces-
sarily amount to the same established use cases (protocols) and can “become” 
different media in a sociocultural sense. More generally, protocols entail not 
only the daily routines of handling (media) content, but also its production 
and distribution.

Drawing on a historical comparison (Chesher and Albarrán-Torres 2023; 
Rosson 2023), we can see that emerging photography in the 1840s was first 
and foremost a scientific instrument to record light rays, utilized by scientists 
to study nature. It then gradually entered the public domain, initially as a spec-
tacle or a magic trick. Only slowly did photography become so mundane that 
everyday use cases like portrait photography grew widespread, to the dismay 
of contemporary critics (Baudelaire [1859] 1980). Slowly, people “knew” what 
social functions, values, and economies were connected to the possibility of 
having a certain “genre” or “format” of picture taken by a professional pho-
tographer (say, a portrait of the family or of individuals, Kędra 2016, 38)—and 
how to “properly” behave in front of a camera for that. Moving pictures, a 
few decades later, likewise turned from yet another Carnevale or Vaudeville 
attraction into a media form through homogenization and standardization of 
production, distribution, and reception. The results led to stable new insti-
tutions like production studios; new social roles like a “movie star;” distri-
bution systems like cinemas where audiences could regularly come back to 
watch new films; everyday routines of how to behave there on romantic dates, 
for instance. Finally, we could even see standardization of content and recog-
nizable aesthetics in the form of stable film genres or formats like Western or 
Musical that bring together expectations of producers and audiences. Media, 
once their protocols have “grown” into various parts of society and culture 
through established use cases, can thus “accumulate” institutions, roles and 
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professions, social functions, sentimental and monetary values, and whole 
economies. The condition is that a new and emerging technology of communi-
cation and interaction becomes widespread enough to permeate the everyday 
lives of people, and we know its “place” within a given sociocultural context.

The result of such standardization has been addressed as a “medium con-
ventionally perceived as distinct” (Rajewsky 2010, 61; see also Thon 2014), 
or a conventional media form, like newspapers, films, comic books, computer 
games, or social media platforms. We turn to some of them for entertainment, 
to some for practical information, to some for interpersonal communication. 
Even so, clear-cut distinctions between media forms are hard or even impossi-
ble to draw. The sociocultural protocols of media do not follow scientific defini-
tions. They constantly evolve within “messy” life. A computer or a smartphone 
is a device that can emulate or integrate earlier media forms that were once 
separated through different materials (films, books, music). It has thus become 
commonplace in media studies that we now live in an age of media conver-
gence (Meikle and Young 2012). Media forms that were clearly distinct before 
(a film had a very different materiality from a newspaper) all converge now 
within the same digital technologies (Jensen 2010). Digitalization has thus not 
merely added yet another media form to earlier ones, but instead fundamen-
tally changed and fused them. Yet, despite increasing convergence of media 
on a technological level, the sociocultural institutions, roles, functions, values, 
and economies, as well as recurring genres, aesthetics, and—ultimately—use 
cases of content remain quite distinct from each other. We still distinguish 
between newspapers, films, comic books, computer games, or social media 
platforms. In the same way, it seems likely that AI (machine learning) will 
once again transform all existing media forms by being integrated into every 
part of their production, distribution, and reception, while we still distinguish 
between media forms and their respective protocols—what to do with them 
and what not, as well as when and how.

Generative AI apps (for texts, as well as for images, music, or other media 
aesthetics) are now indeed in widespread use. There is no shortage of online and 
printed guides, tutorials, and manuals exploring and presenting how to create 
prompts skillfully in all kinds of private and professional contexts. Books like 
The Quick Guide to Prompt Engineering (Khan 2024) or ChatGPT for Dummies 
(Baker 2025) can thus be said to stabilize the protocols of AI use, at least with 
regard to end users. We would like to point out, however, that it remains unclear 
and contested in many cases when and where generative AI tools are appro-
priate—and in which social, cultural, and political situations. We can see this, 
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for example, from the discussions and controversies surrounding the proper 
place of AI chatbots (Dwivedi et al. 2023; Li et al. 2024). This became evident 
when OpenAI’s statistics, presented at their October 2024 Education Forum, 
“shocked” everybody when the company revealed “what many of us in educa-
tion had known for nearly two years—the majority of the active weekly users 
of ChatGPT are students. OpenAI has internal analytics that track upticks in 
usage during the fall and then drops off in the spring” (Watkins 2024). What 
this shows is that some of the most prominent use cases for generating AI-based 
texts are in one area (namely, education and examinations) where the proto-
cols for acceptable use are not in place yet. Most schools and universities are 
thus struggling to come up with their own rules and regulations. AI-generated 
imagery, too, has instigated considerable pushback wherever it was integrated 
into other media forms like comic books, films, or video game productions 
(Wilde 2025b). From all these controversies, we can see that the sociocultural 
protocols of generative AI, as everyday media forms, are not yet in place. At 
present, these technologies often fall into an uncomfortable “intermedia” zone.1

In comparison, one site where AI technologies do seem to accumulate into 
a stable coupling of institutions, roles, functions, values, and economies is 
that of AI-based chatbots that role-play fictional or fictionalized characters. 
Perhaps we could even speak about something like established “genres” and 
aesthetics of content here (Wilde 2025a). The character.ai app, for example, 
lets users simulate conversations with existing fictional characters from TV 
shows or films. Despite ethical controversies over mental health and multi-
ple lawsuits (one over the suicide of a 14-year-old), the app has millions of 
users that often spend many hours a day there (Lamerichs 2023; see also Bakir 
and McStay 2025). There are also non-fictional, educational apps, discussed 
by Lina Ruth Harder (2025) under the term AI-histobots, which are based 
on historical figures like Leonardo Da Vinci. More and more companies also 
promise AI-driven chatbots simulating deceased relatives or loved ones (grief-
bots) based on their earlier digital data (Kelly 2024). In all these cases, users 
thus enter into a simulated communication or a “role play” (Chen et al. 2024; 
Shanahan et al. 2023) with a fictional or fictionalized character. This frames the 

1	 We would like to note here that this text was written prior to what is now increasingly referred 
to as “the second AI moment” (Bell 2026) or the “agentic turn” of AI (Stackpole 2026). Claude 
Code and other AI agents in “harness” software like Open Claw have since been integrated into 
the workflows of most companies around the world. This changes reflections of “AI use cases” 
considerably from when they were simply built on chatbots.
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interaction with LLMs in such a way that it can be clearly distinguished from 
other, more open use cases of generative AI apps. We could thus say that LLM 
chatbots have perhaps grown into a stable (new) media form for everyday uses 
already, perhaps similar to the computer game media form. In contrast, the 
sociocultural protocols and use cases of general-purpose LLMs remain too 
ambiguous and contested to speak of an established media form yet—but this 
will certainly change in the future, and it will be important to keep track.

Media Changes and Affordances
While AI apps create content, it would perhaps be misleading to investigate 
their impacts on society, culture, and politics at the level of individual out-
puts. McLuhan coined a slogan that became a sort of cornerstone for media 
theory: “the medium is the message” (2001, 7). Implied in this statement is 
the view that the introduction of a new technology—once it becomes wide-
spread enough to turn into a relevant media form for communication and 
interaction—can have thorough cultural and social consequences that go far 
beyond the particular “content” they might convey (in the case of the rail-
way, the freight it carries, or in the case of the printing press, a specific edi-
tion of a particular book). The transforming powers of media instead often 
go unnoticed, until suddenly we find ourselves in a society that has changed 
completely. This is why McLuhan often regards the content of media as a dis-
traction that blinds us to their deeper transformative effects. Thus, if we truly 
want to understand media, we need to stop obsessing over their messages and 
start attending to the changes of structure, pace, and scale they introduce to 
society: to the transformations that happen steadily in the background, in the 
form of new possibilities or constraints for communication and interaction. 
Some of these uses might be more established and expected than others (part 
of emerging sociocultural protocols or not). In media studies, such possibil-
ities and constraints of media use are often addressed as affordances, a term 
initially derived from psychologist James J. Gibson (1977) to describe the 
actions we can perform with specific objects (such as furniture) in a given 
environment. The term affordance was later widely adopted in product design 
and technology research (especially human–computer interaction) and for 
the analysis of social media platforms and other communicative interfaces 
(Bucher and Helmond 2017; Davis 2020; Hopkins 2016). Ian Hutchby’s 
(2001, 444) straightforward definition of affordances, for example, indicates 
the “functional and relational aspects which frame, while not determining, 
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the possibilities for agentic action in relation to an object.” This is especially 
attractive for media and communication research because

it suggests that neither materiality (e.g., an object) nor a constructivist view 
(e.g., human agency) are sufficient to explain technology use […], and advo-
cates focusing on relational actions that occur among people and technologies. 
(Evans et al. 2017, 37; our emphasis).

Social media platforms are thus particularly useful for distinguishing content 
from affordances. They enable people to create and share digital messages, inter-
act with each other, and build virtual communities. While initially designed 
to allow people to connect digitally with friends, today’s social media have 
developed multiple, initially unforeseen functions (and use cases), including 
as marketing channels for businesses and organizations and as online redis-
tributors of news. However, if we want to understand how social media affects 
us, culturally and socially, simply performing analyses of the content shared 
among its users will not suffice (although that, too, is important). Social media 
are now integral to our daily lives to the extent that a decision not to use social 
media has become a deliberate political or personal decision. What is more, 
social media have entered into rivalry with traditional media institutions (now 
increasingly referred to as “legacy media”). While the distribution of content 
through traditional media institutions is controlled by decisions made by 
human editors, social media delegates this responsibility to algorithms. These 
algorithms thus mediate between users and content, among other things, by 
predicting which connections are most relevant or interesting—or they can be 
intentionally biased toward the amplification of certain posts. We are thus deal-
ing with “programmed forms of sociality” (Bucher 2018, 2). Social media—
even well before current AI technologies—are thus “automated systems that 
engineer and manipulate connections” (van Dijck 2013, 12). While activities 
on social media are certainly complex, there seems to be a tendency for most  
algorithms of commercial social-media platforms, optimized for clicks, to privi
lege high-engagement and inflammatory contents that fuel animosity, which in 
turn facilitates political polarization (Aral 2020; Smith 2019; Vaidhyanathan 
2021). Again, the structural features of commercial social media, their affor-
dances, especially the way in which their algorithms are trained, are what expe-
dite politically polarizing effects. Repeated exposure of social media users to 
inflammatory materials over time seems to shift the threshold of what is accept-
able (the so-called Overton window, Amer 2023), thus serving to normalize 
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opinions and viewpoints that were previously considered, by most people, to be 
extreme or outrageous—yet another structural effect.

The concept of affordances is highly useful for our understanding of AI 
apps (Ahn 2025; Humble and Cajander 2025). The most important point to be 
made here is that generative media output has emergent features: Alternative 
terms proposed for generative content are thus stochastic or probabilistic 
(Ervik 2023). The “decisions” of the respective model are reducible to neither 
the programmers nor to users themselves. One of the consequences is that 
any AI model generates infinite variations of texts, images, videos, or sounds 
through the same prompt, while many emergent behaviors of the algorithms 
remain as much a black-box phenomenon to them as to the developers them-
selves (especially with regard to individual outputs and their “explainability” 
or “interpretability,” Amodei 2025). The deluge of individual AI-generated files 
might then appear too vast and ephemeral to merit analysis of individual out-
puts; what matters instead are the general possibilities and constraints—the 
affordances—of the AI apps themselves. Even though any individual output 
will be a mere probability, the databases and the training can steer defaults in 
a certain (cultural, social, or political) direction:

Whoever controls language models controls politics. […] Thus, in the future, 
language models themselves may take on the status of a surrogate public sphere. 
As more and more texts are generated by AI systems—and it is very likely that 
they will be—the proportion of discourse produced by humans will steadily 
decline. And because language models, once trained, are difficult to change, 
and because they infer the future from the past, what Emily Bender et al. [2021] 
has called a “value lock” looms. (Bajohr 2023b)

What Bajohr proposes here is that models always encode certain cultural, 
social, or political values—default assumptions and perspectives—and that 
they are, metaphorically speaking, “locked” after the model has been trained 
and entered public use. If that seemed perhaps far-fetched when it was written 
in 2023, only two years later, xAI’s Grok is actively trained by its data annota-
tors (reinforcement learning from human feedback, RLHF) toward an “anti-
woke” agenda, avoiding topics like racism, climate change, or antisemitism. In 
other words, it is defaulted toward more right-wing, conservative views (Kay 
2025), similar to when Google had tried to diversify its Gemini image outputs 
through RLHF fine-tuning and prompt “augmentation” a year before (Shamim 
2024; Wilde 2026).
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Affordances of AI apps—whether we decide to use them or not—thus create 
a new media reality to which people and institutions will have to react, one 
way or the other. Bajohr (2024) also considered that literary authors from now 
on will always be under suspicion of having used AI for their writing, even 
and perhaps especially when they categorically claim to abstain from AI use 
(Bajohr and Cotten 2025; Führer 2026). This will most certainly be reflected 
in a different writing style (greater emphasis on autofiction or less “probable” 
or “typical” diction), regardless of whether generative AI was in play or not, 
or whether we will ever know with certainty. In particular, the practice of 
“prompting” has perhaps already transformed the way we think.

We have developed a new dialect, a specialized grammar of request making. We 
have learned to say “think step by step” because we have discovered it improves 
reasoning. We preface questions with role assignments: “You are an expert 
programmer” or “Act as a critical editor.” We have absorbed the metacognitive 
practice of instructing the AI on how to think, which in turn makes us more 
conscious of how we ourselves think. (Panda 2026, 1)

This should remind us of Friedrich Nietzsche’s insight from 1882 (2002, 18) 
that “our writing tools are also working on our thoughts” (quoted in and 
translated by Kittler 1999, 200). Swaroop Panda has called this “new form 
of thought” a “cognitive restructuring” (2026, 1). We have not even begun to 
understand how these newest of “writing tools” thus inform and change the 
very way we approach problems: “[W]e don’t actually know what we’ve traded 
away. The cognitive skills we’re losing are, by definition, the ones we’re losing 
the capacity to notice we’ve lost. The researcher who no longer does deep, slow 
reading doesn’t experience it as a loss—they experience it as efficiency” (Panda 
2026, 2). Thus, simply because the affordances of AI apps exist now, they have 
effects on the production, distribution, and interpretation of all media forms, 
media aesthetics, media contents, and maybe even our thoughts. 

Media Changes and Notions of Objectivity
We can see from this that media are not only a means of communication 
between individuals, but also shape our society as a whole. On top of that, 
media provide the only access to a broader, shared reality in the social, cul-
tural, and political sense. Society at large is often understood as an “imagined 
community” (Anderson 1991), because we can never experience it directly or 
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personally, only through media that provide stories, reports, and other rep-
resentations of it: “Whatever we know about our society, or indeed about the 
world in which we live, we know through the mass media,” Niklas Luhmann 
(2000, 1) found in 1996. Today, this statement would have to be expanded 
from mass media to include all sorts of interpersonal (social) media forms—
and also AI media (such as AI chatbots). Media, in any case, facilitate a shared, 
collective notion of a reality that always comes with the assumption and prom-
ise not to be false, fictional, or merely personal, but more or less “objective.” 
This notion, however, can mean different things at different times, in different 
contexts, and relative to different media use cases. In other words, any notion 
of “objective reality” is subject to media changes, and to the protocols and 
expectations established towards them. We would like to outline this with the 
transitions, first, from an alphabetic to a technical media regime, and second, 
from an analog to a digital media regime.

Kittler conceives of history in terms of media shifts by introducing the term 
“discourse network,” understood as a “network of technologies and institutions 
that allow a given culture to select, store, and process relevant data” (1990, 
369). In other words, Kittler is interested in how information is made (and 
kept) available within a society, without concern for how humans assign mean-
ing to it. He then compares the “discourse network” of romanticism (what he 
calls “discourse network 1800”) with that of modernism (“discourse network 
1900”). Like McLuhan before him, Kittler argues that a major historical media 
shift took place in the nineteenth century. However, while McLuhan connects 
this shift to the electronic age more broadly, Kittler identifies it with the inven-
tion of new recording and storage media, such as the gramophone/phonograph 
and photography/film (and also the typewriter). In Kittler’s view, these media 
broke the “alphabetic monopoly” by technologizing information. While the 
discourse network of romanticism relied upon writing and typographic print-
ing as a means of processing and storing information, the discourse network 
of modernism saw the introduction of media whose data flows no longer had 
to pass through the symbolic bottleneck of letters (Kittler 1999, 4). By circum-
venting the grid of the symbolic, these (then-new) media forms possessed a 
novel kind of evidential, “automatic” force that writing seemed to be lacking.

Such an ideal of mechanical objectivity (Daston and Galison 2007) has now 
returned with a vengeance in the contemporary discourses on AI: “[T]he  
imagined tools represent the epitome of a view from nowhere, or the idea 
that one can have objective knowledge of a set of truths, uncolored by their 
personal experience” (Bender and Hanna 2025, 119). Generative AI is indeed 
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often “seen as a utopian instrument of knowledge redistribution and the last 
kick against the old symbolic order” (Dubreuil 2025, 8). Artificial neural net-
works can be trained through self-supervised machine learning (next-token 
prediction on unlabeled text). Crucially, this is built on an architecture that 
is often called subsymbolic: “a neural network does not follow the paradigm 
of logical deduction or explicitly stated rules that are executed sequentially; 
rather, it operates by statistical induction, and it is the system as a whole that 
does the computing” (Bajohr 2021, 26). Many have embraced this assumption 
as convenient political rhetoric. The most prominent example here is certainly 
Donald Trump, who, on January 23, 2025, in one of his first executive orders 
after his reelection, did away with many existing policies aimed at regulat-
ing and safeguarding government use of AI. The justification was, once again, 
that AI systems were “free from ideological bias or engineered social agendas” 
(The White House 2025). The human “tutors” mentioned above, employed 
by companies like xAI to train Grok explicitly in a certain political (in this 
case right-wing, conservative) direction, clearly seem to undermine such 
stated ambitions towards a “maximally truth-seeking” AI (Elon Musk quoted 
in Dey 2025). In another instance in spring 2025, the same LLM had appar-
ently been overtrained to mention “white people genocide in South Africa” 
as often as possible in completely unrelated conversations with shocked users 
(Kerr 2025). The promise of more objectivity through AI, however, remains 
undeniably powerful. The affordance to prompt Grok directly within social 
media (X) posts (“@Grok: Is it true?”) to create automated public responses, 
fully integrated for all X users in February 2025, has quickly become a widely 
adopted protocol of online behavior. The AI has since then taken on the role 
of an (allegedly) “unbiased” judge to settle debates between users. Perhaps sur-
prisingly (or not), Grok indeed publicly contradicted its “creator,” Musk, many 
times on his own social media platform with reference to factual sources:

Musk: “The far left is murderously violent;” Grok: “The claim that ‘the left’ is 
murderously violent isn’t backed by evidence. The cited incidents […] show no 
clear ties to left-wing groups […]. No side is inherently violent; generalizations 
oversimplify a complex issue.” (Musk 2025a)

Immediately, his followers then claimed that “Grok has been manipulated 
by leftist indoctrination unfortunately,” with Musk personally promising to 
be “working on fixing that this week” (Musk 2025b; see Landymore 2025 for 
a longer discussion). The notion of “objectivity” thus turns out to be all the 
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more contested and political, the greater the promise to free it from human 
judgement. More fundamentally, it has also been argued that LLM output is, 
by default, decoupled from any real-world reality, producing “bullshit” in the 
sense of Harry Frankfurt (2005). Bullshit, as a technical term, can be distin-
guished from falsehoods or lies that intentionally aim to deceive and thus to 
conceal the truth; it requires “no conviction” (Frankfurt 2005, 55) whatsoever. 
The probabilistic outputs of chatbots are, by definition, unconstrained by any 
obligation to tell the truth (Kalai et al. 2025). They are “not trying to com-
municate something they believe or perceive. Their inaccuracy is not due to 
misperception or hallucination. As we have pointed out, they are not trying to 
convey information at all. They are bullshitting” (Hicks et al. 2024, 37; see also 
Berghel 2024; Coeckelbergh and Gunkel 2025, 89–102).

A critical view on flexible notions of objectivity is relevant not only for 
AI-generated text, but also for images. The use of photography as a scien-
tific instrument helped foster a new epistemic ideal in the 19th century, that 
of mechanical objectivity (Daston and Galison 2007). The idea was that the 
mechanical origin of photographs (unlike earlier hand-crafted images) could 
eliminate subjective intervention between nature and representation, such as 
human judgement and interpretation. They could thus once again bypass the 
symbolic bottleneck—and hence the interface of human interpretation. Earlier 
picture technologies were thus considered more subjective (Rosson 2023). 
Analog photography had, for a long time, been the benchmark guaranteeing 
a “that has been” (Barthes 1981, 115), something that really existed and really 
happened. “Historically, photography has been associated with a realism char-
acterized by neutral, unfeeling, disinterested recording (an association which 
is itself deeply misleading)” (Henning 2025, 94). This “that has been,” as must 
be noted, has always been more of a social expectation than a guarantee, since 
there had been all sorts of manual image manipulation long before Photoshop 
(Fineman 2012). A commitment to objectivity remains a cornerstone virtue in 
journalism, but it has always needed to be safeguarded through institutions and 
rules, rather than technologies. In the realm of visual journalism, for example, 
we need standards against image manipulation. To secure the credibility and 
trustworthiness of photographic and video images, news agencies and press 
photographers’ associations have developed codes of ethics for visual jour-
nalism. Although each news organization has to set its own ethical standards 
(Mäenpää 2014, 93), for example the code of ethics for visual journalists devel-
oped by the National Press Photographers Association (2025), there seems 
to be “a de facto global consensus on how media organizations understand 



158

the manipulation of images” (Campbell 2014): the addition or subtraction of 
image elements designed to deceive or mislead the viewer. While none of this 
can be translated to AI imagery easily, it shows that the “reality effect” (Barthes 
1986) of photography has always been more of an expectation or a “civil con-
tract” (Azoulay 2008) that could always be broken; another “protocol,” rather 
than a technological guarantee. Nevertheless, it had set a standard for what it 
means to look realistic and thus trustworthy (Turnock 2012).

The transition from analog to digital photography in the late 1980s and early 
1990s, however, provoked a crisis in the perceived trustworthiness of photo-
graphic images (see, for example, Mitchell 1992), for two reasons. First, in 
contrast to analog photography, the data of digital pictures is subject to a new 
kind of symbolic grid. In this case, however, the data flows pass through the 
bottleneck of numbers (rather than, as in Kittler’s earlier model, the bottle-
neck of alphabetic script). Second, the numerical representation of image data 
makes digital photographs subject to algorithmic manipulation (Cubitt 2014; 
Hoelzl and Marie 2015). The manipulability of images increased dramatically 
with the popular spread of image-editing software, such as Adobe Photoshop. 
As a reaction to these developments, there was a widespread sentiment in the 
1990s that photography, as we had known it, was dead, and with it the pecu-
liar power of (analog) photography to represent reality objectively (Mitchell 
1992). However, through protocols and standards, digital photography obvi-
ously continues to be used in journalistic contexts: The “limits of digital photo 
editing” were accordingly defined “by referring to practices that were tradi-
tionally done in darkrooms” (Mäenpää 2014, 94). By holding on to established 
protocols from earlier media periods, digital photographs “are able to maintain 
their ‘objective’ status in the digital environment” (Mäenpää 2014, 101).

AI-generated photographs—or, more precisely, AI images that look like 
photographs—seem to have inherited many of these assumptions surrounding 
“reality effects,” even though they could not be further detached from external 
reality: “For these models, the ‘photographic’ seems to be just another ‘style’, 
an aesthetic, a certain ‘look’, not a privileged mode of indexical access to the 
world,” Roland Meyer (2023, 108) found (see also Meyer 2025 for more detail). 
Photorealism is thus nothing but a “stylistic signifier” (Ervik 2023, 47). This 
“signifier,” however, activates the protocols and expectations associated with 
earlier photography technologies. As Lev Manovich (1996, 63) reminds us, the 
“reality” that is simulated in “realistic” computer graphics is not perceptual 
reality or embodied experience, but a photographed or filmed image (see also 
Ferwerda 2003 on “realism” in computer graphics). The highest standard of 
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realism in computer graphics is to look as if they were photographed. In other 
words, “realism” in this context means “photorealism” once again (Hausken 
2024; Herrie and Philipsen 2026). The same holds true, and even more so, for 
AI imagery: “the naturalistic form of AI-generated photographs is what con-
nects them to the discourse of photography, even if the reading of that form as 
natural is culturally conditioned” (Wasielewski 2024, 15). AI generators thus 
silently rely on an understanding of photography as “objective” images, often 
without ever making their reliance on this earlier image technology explicit. 
In many cases, we can only critically infer that computer science papers refer 
to photographic material when they talk about “natural” images (Barth 2025, 
126–129; see also Malevé and Sluis 2023).

To conclude, if “photographic appearances” are seen as more “objective” 
than drawings (or other hand-crafted images), this is not some inherent prop-
erty of photographic technology. It is the result, on the one hand, of rules and 
conventions of how (not) to use photographic technology; and, on the other, 
of the dominance of imagery that looks photographic (and thus more “neutral” 
or “objective” than drawings) in many media contexts. These are just appear-
ances, though, because these images might also be computer-generated (in 
spectacle cinema), photoshopped (in advertising), or now perhaps increas-
ingly AI-generated. Notions of objectivity are thus always dependent on spe-
cific sociocultural protocols and conventions, especially of earlier, already 
established media forms (in this case: analog or digital photography).

Media Changes and Cultural, Social, and Political 
Transformations
As we have seen, discussions of cultural, social, and even political trans-
formations come up again and again whenever new technologies introduce 
significant changes to mediations—and hence relations—among people and 
institutions in a society. While we can investigate the affordances and proto-
cols of (new) media for private, interpersonal communication and interac-
tion, perhaps even more important are the organizational and institutional 
uses that go beyond the individual. The argument that a new medium for 
communication and interaction has transformative effects on culture, soci-
ety, and even politics is not new, but has been made for many earlier media 
shifts. That said, asking about the broader long-term (or even middle-term) 
impacts of AI is certainly highly speculative at this point (Morozov 2025). 
We would nevertheless like to introduce a perspective that has always been 
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highly relevant within media theory, and ask, at the very least, what con-
clusions we can currently draw about the present. If media theorists are 
right in their claim that media shape our situation—or, in the words of W. 
J.T. Mitchell and Mark B.N. Hansen, “that media are our situation” (2010, 
xxii; original emphasis)—it makes sense to understand long-term trends in 
world history through the lens of major media shifts. Harold Innis (1950; 
1951), for example, emphasized how the material characteristics of com-
munication media shaped the development of civilizations (see also Ong 
2002). Media that were durable but difficult to transport, such as stone and 
clay, were accordingly biased toward time. This implies that they facilitate 
stability, tradition, and the formation of consensus-based tribal societies. 
The situation was quite different with media that were less durable but easily 
portable, such as papyrus and paper: they were biased toward space, which 
means that they favored rapid change, materialism, and the formation of 
large empires.

McLuhan, too, analyzed history in terms of major media shifts. He placed 
special emphasis first on the phonetic alphabet, then on typography, and 
finally on the electronic age—each of which introduced a new kind of 
human condition into society (see McLuhan 1962, 18). Electronic media, 
such as the telegraph—and later, radio and television—made the world con-
tract spatially into what McLuhan calls a “global village” (1962,  21). This 
means not so much that people suddenly came to sympathize or agree with 
each other; rather, a new electronic interdependence made the world shrink 
in such a way that whatever happens in one part of the world inevitably 
affects what happens in others. What is more, McLuhan maintains that 
the introduction of electronic media, with their pressure of simultaneity 
and all-at-onceness, is leading to a retribalization of society, and hence to 
a return to oral and auditory forms of thought and organization (McLuhan 
1962, 72). Media theorists have also emphasized the transformational 
power of television, in particular. A famous example was the first televised 
presidential debate between Senator John F. Kennedy and Vice President 
Richard M. Nixon in 1960, which, at least according to popular myth, was 
won by Kennedy not because of what he said, but because he cut a better fig-
ure on the TV screen (Barnouw 1990, 270–277). Since then, the argument 
has often been made that television helped expedite a transition, in liberal 
democracies, from issue-centered politics to politics that are much more 
person-centered. With his slogan “the medium is the message,” McLuhan 
thus anticipated today’s discussion in media studies and related fields of the 
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nonhuman or more-than-human agency of technologies and media through 
their specific affordances (see, for example, Zylinska 2017). This shift in 
attention from the content of media to their structural features—to their 
affordances, especially with regard to (re)configuration of cultural, social, 
and political agency—brings a new perspective from which to analyze such 
transformations. As a reminder, whenever we talk about mediation, we try 
to investigate the network of human and non-human “actors” (participants) 
and the distribution of agency between them, alongside affordances that are 
enabled (or limited) by media.

Are we talking about yet another major media shift with regard to gen-
erative AI and LLMs—a new “media age” so to speak—and if so, what are 
the transformative effects on society, culture, and politics beyond interper-
sonal uses (see Coeckelbergh 2022 for an overview)? Immediately after the 
widespread adoption of ChatGPT, journalists began to speculate about its 
potential future impacts. MIT Technology Review, for example, imagined “six 
ways that AI could change politics” (Schneier and Sanders 2023). They did 
so by listing a range of future “milestones” where the individual production 
of AI-generated texts would transition into institutional production of such 
texts: when an AI-generated testimony would be accepted in court, for exam-
ple, or when the amendment to a legal bill would be written by AI. Such tran-
sitions from interpersonal to institutional uses are certainly worth observing 
closely (Schröter 2024). In Albania, one virtual AI assistant named “Diella” 
(integrated within the e-Albania platform and co-developed by Microsoft) 
was appointed “Minister of State for Artificial Intelligence” in September 
2025, to the concern of many journalists and politicians (Delauney 2025). 
Exactly how this will work legally still remains largely unclear (Maciel Perez 
and Démas 2025).

While we want to avoid speculating too far ahead, we can already make 
some observations about the present and the redistribution of agency in 
society today.2 We should pay particular attention, for example, when AI 
technologies serve as justification to reshape existing cultural, social, and 

2	 As we have noted in the previous footnote, the following observations too would look different 
when they could have been written in 2026 now that Anthropic has been declared a “supply 
chain risk” by the US Pentagon and Claude had been instrumental in both the operation to 
kidnap Nicolás Maduro from Venezuela and in the US military’s strikes in Iran. See The Ezra 
Klein Show 2026 about the frightening new interdependencies between politics, military, legal 
system, and “AI media.”



162

political institutions and structures (Coeckelbergh 2024, 2026; Eubanks 2018; 
McQuillan 2022). One particularly consequential moment for this even before 
the appointment of “Diella” was when Donald Trump announced his “AI-first 
strategy” and began the immediate dismantling of government institutions 
(and human decision-making) in the name of “Government Efficiency.” As 
Matthew Kirschenbaum (2025, 3) argues in his critical response “US of AI,” 
these actions aim at invoking “a fundamental change in the material base of 
government infrastructure, a shift whose ultimate goal is doubtless [...] a ‘gov-
ernment without people,’” exactly by “replacing the ethos of neutrality and 
objectivity” (discussed before) from an institution-centered understanding to 
an AI-centered one. “AI then becomes a tool for replacing politics” (Salvaggio 
2025). What is being automated is thus not only paperwork, but also demo-
cratic decision-making. By shifting government processes to AI systems, such 
as OpenAI’s “ChatGPT Gov” or GSAi, a custom AI chatbot for the US General 
Services Administration, the aim is to replace bureaucracy with technological 
infrastructure. “The rationale is based on a productivity myth that the goal of 
bureaucracy is merely what it produces (services, information, governance) 
and can be isolated from the process through which democracy achieves those 
ends: debate, deliberation, and consensus” (Salvaggio 2025). In the case of 
“Diella,” too, the rhetoric behind the implementation of the AI assistant was to 
“eliminate corruption” (Delauney 2025).

Linguist Emily M. Bender and sociologist Alex Hanna (2025, 67–100) have 
documented dozens of cases from the last couple of years, mainly within the 
US and Great Britain, but on all levels of local, regional, or national adminis-
tration, where AI services have already been implemented in order to cut costs. 
Their survey shows that almost without exception, AI chatbots make for a poor 
substitute for human administration, and that their dangers and risks are dis-
proportionately severe for minority groups: “shunting consequential tasks to 
black-box machines trained on always-biased historical data is not a viable 
solution for any kind of just and accountable outcome” (Bender and Hanna 
2025, 76). The real question about the agency of AI technologies, then, should 
not be whether or not they “work well” or even whether they can be “trusted,” 
but rather who controls and benefits most from them, when private contractors 
in Silicon Valley (commercial companies like OpenAI or Microsoft) within a 
new “computational capitalism” (Berry 2025, 5258) slowly become unelected 
arbiters of cultural, social, and political decision-making (Dyer-Witheford and 
Kjøsen 2019).
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For most of us, in most situations, a distinction between AI agency and 
human agency, and between AI-generated and human-generated media 
content, is thus still fundamental—even and especially when this difference 
becomes harder and harder to distinguish in practice. In the not-too-distant 
future, however, every media artifact might be co-created by generative AI to a 
certain degree. Bajohr (2023a) spoke of a “postartificial” media reality in which 
the very distinction between AI-generated and human-generated content 
might lose its importance, because we will always assume this to some degree. 
This would then be equal to whether or not “electricity” played a part in the 
production, distribution, and reception of something, which is hardly worth 
noting or asking. Such a future would probably constitute the biggest changes 
across society, culture, and politics when “the difference between natural and 
artificial has really disappeared altogether” (Bajohr 2023a, 28). At the moment, 
however, this distinction seems all the more important the harder it becomes 
to draw—as does the question of which human or institutional actors are actu-
ally profiting or suffering most from the implementation of AI technologies 
and the affordances they provide.

What all of this perhaps points to is the fact that we should not only 
investigate the technological side of generative AI apps but always trace 
how, where, and when these technologies gradually “aggregate” into dis-
tinct media forms of communication and interaction. One way “to main-
tain critical reflexivity while engaging with computational systems that 
increasingly shape the very grounds of consciousness and experience” 
(Berry 2025, 5267), is to investigate how sociocultural protocols—conven-
tions of unquestioned media behavior and media use—slowly couple media 
institutions, media roles, media functions, media values, and media econ-
omies. We have proposed looking at the affordances of AI apps and mod-
els as having structural impacts on communication and interaction beyond 
the individual output they create; and that these affordances can go beyond 
individual and interpersonal use and instead influence the broader distri-
bution of social, cultural, and political agency—as well as our notions of a 
shared reality that can only ever be accessed through media. To what degree 
our “imagined communities”—our shared or contested notions of the soci-
ety in which we live—will still come from humans; will be shaped, or lim-
ited, by commercial companies controlling AI apps and models; or will be 
“imagined” by artificial neural networks and their affordances, will be one 
of the most pressing concerns for the 21st century.
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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.

Keywords: cultural memory, deepfakes, diffusion models, memes, remediation

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.
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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 

Wilde | Humanities Perspectives on AI



8. AI Imagery 191

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.

Works Cited
Agence France-Presse. 2023. “Artists Fight for Consent, Credit or Compensation in AI Program 

Court Battle.” News24, March 28, 2023. https://www.news24.com/life/arts-and-entertain-
ment/arts/artists-fight-for-consent-credit-or-compensation-in-ai-program-court-battle-
20230328#google_vignette.

Alemohammad, Sina, Josue Casco-Rodriguez, Lorenzo Luzi, et al. 2023. “Self-Consuming 
Generative Models Go MAD.” Preprint, arXiv, July 4, 2023. https://doi.org/10.48550/
arXiv.2307.01850.

https://www.news24.com/life/arts-and-entertainment/arts/artists-fight-for-consent-credit-or-compensation-in-ai-program-court-battle-20230328#google_vignette
https://www.news24.com/life/arts-and-entertainment/arts/artists-fight-for-consent-credit-or-compensation-in-ai-program-court-battle-20230328#google_vignette
https://www.news24.com/life/arts-and-entertainment/arts/artists-fight-for-consent-credit-or-compensation-in-ai-program-court-battle-20230328#google_vignette
https://doi.org/10.48550/arXiv.2307.01850
https://doi.org/10.48550/arXiv.2307.01850


194

Associated Press. 2023. “Fake Babies, Real Horror: Deepfakes from the Gaza War Increase Fears 
about AI’s power to mislead.” Spectrum News, November 28, 2023. https://ny1.com/nyc/
all-boroughs/ap-top-news/2023/11/28/fake-babies-real-horror-deepfakes-from-the-gaza-
war-increase-fears-about-ais-power-to-mislead.

Bajohr, Hannes. 2023. “Dumb Meaning: Machine Learning and Artificial Semantics.” 
Generative Imagery: Towards a ‘New Paradigm’ of Machine Learning-Based Image Production, 
Special-Themed Issue of IMAGE: The Interdisciplinary Journal of Image Sciences 37 (1):  
58–70.

Bajohr, Hannes. 2024. “Writing at a Distance: Notes on Authorship and Artificial Intelligence.” 
German Studies Review 47 (2): 315–337. https://doi.org/10.1353/gsr.2024.a927862.

Balkowitsch, Shane. 2024. “AI is Corrupting the Internet as We Know It.” PetaPixel, April 25, 2024. 
https://petapixel.com/2024/04/25/ai-is-corrupting-the-internet-as-we-know-it/?fbclid=IwY2x-
jawGW42ZleHRuA2FlbQIxMAABHRB8oA6hIfmyBny5Y6te1nEHSOJD0zh94NmSQtVHujl-
tAC1t87rEF0ddtA_aem_TAN8Ok-W1_qu4wOsoW0-SQ.

Barale, Alice. 2024. The Art of Artificial Intelligence: Philosophical Keywords. Cambridge: 
Cambridge Scholars Publishing.

Bender, Emily. 2024. “Imagine if the CEO of BP bragged that one in one thousand molecules 
flowing into the Gulf of Mexico came from the Deep Horizon oil rig.…” Posted on X, 
February 10, 2024. https://x.com/emilymbender/status/1756342308960895281.

Bender, Emily M., Timnit Gebru, Angelina McMillan-Major, and Shmargaret Shmitchell. 2021. 
“On the Dangers of Stochastic Parrots: Can Language Models Be Too Big? 🦜” FAccT ’21: 
Proceedings of the 2021 ACM Conference on Fairness, Accountability, and Transparency: 610–
623. https://doi.org/10.1145/3442188.3445922.

Bender, Emily M. and Alex Hanna. 2025. The AI Con: How to Fight Big Tech’s Hype and Create 
the Future We Want. New York: HarperCollins.

Bianchi, Federico, Pratyusha Kalluri, Esin Durmus, et al. 2022. “Easily Accessible Text-to-Image 
Generation Amplifies Demographic Stereotypes at Large Scale.” Preprint, arXiv, November 
7, 2022. https://doi.org/10.1145/3593013.3594095.

Bird, Charlotte, Eddie L. Ungless, and Atoosa Kasirzadeh. 2023. “Typology of Risks of 
Generative Text-to-Image Models.” Preprint, arXiv, July 8, 2023. https://doi.org/10.48550/
arXiv.2307.05543.

Birhane, Abeba, Vinay Uday Prabhu, and Emmanuel Kahembwe. 2021. “Multimodal Datasets: 
Misogyny, Pornography, and Malignant Stereotypes.” Preprint, arXiv, October 5, 2021. 
https://doi.org/10.48550/arXiv.2110.01963.

Bolter, Jay D. and Richard Grusin. 1999. Remediation: Understanding New Media. Cambridge, 
MA: The MIT Press.

Broinowski, Anna. 2022. “Deepfake Nightmares, Synthetic Dreams: A Review of Dystopian 
and Utopian Discourses Around Deepfakes, and Why the Collapse of Reality May Not Be 

Wilde | Humanities Perspectives on AI

https://ny1.com/nyc/all-boroughs/ap-top-news/2023/11/28/fake-babies-real-horror-deepfakes-from-the-gaza-war-increase-fears-about-ais-power-to-mislead
https://ny1.com/nyc/all-boroughs/ap-top-news/2023/11/28/fake-babies-real-horror-deepfakes-from-the-gaza-war-increase-fears-about-ais-power-to-mislead
https://ny1.com/nyc/all-boroughs/ap-top-news/2023/11/28/fake-babies-real-horror-deepfakes-from-the-gaza-war-increase-fears-about-ais-power-to-mislead
https://doi.org/10.1353/gsr.2024.a927862
https://petapixel.com/2024/04/25/ai-is-corrupting-the-internet-as-we-know-it/?fbclid=IwY2xjawGW42ZleHRuA2FlbQIxMAABHRB8oA6hIfmyBny5Y6te1nEHSOJD0zh94NmSQtVHujltAC1t87rEF0ddtA_aem_TAN8Ok-W1_qu4wOsoW0-SQ
https://petapixel.com/2024/04/25/ai-is-corrupting-the-internet-as-we-know-it/?fbclid=IwY2xjawGW42ZleHRuA2FlbQIxMAABHRB8oA6hIfmyBny5Y6te1nEHSOJD0zh94NmSQtVHujltAC1t87rEF0ddtA_aem_TAN8Ok-W1_qu4wOsoW0-SQ
https://petapixel.com/2024/04/25/ai-is-corrupting-the-internet-as-we-know-it/?fbclid=IwY2xjawGW42ZleHRuA2FlbQIxMAABHRB8oA6hIfmyBny5Y6te1nEHSOJD0zh94NmSQtVHujltAC1t87rEF0ddtA_aem_TAN8Ok-W1_qu4wOsoW0-SQ
https://x.com/emilymbender/status/1756342308960895281
https://doi.org/10.1145/3442188.3445922
https://doi.org/10.1145/3593013.3594095
https://doi.org/10.48550/arXiv.2307.05543
https://doi.org/10.48550/arXiv.2307.05543
https://doi.org/10.48550/arXiv.2110.01963


8. AI Imagery 195

Imminent—Yet.” Journal of Asia-Pacific Pop Culture 7 (1): 109–139. https://doi.org/10.5325/
jasiapacipopcult.7.1.0109.

Bumas, Adam. 2025. “Youtube Is Not Looking So Hot Right Now.” Garbage Day, July 16, 2025. 
https://www.garbageday.email/p/youtube-s-second-biggest-channel-is-full-of-ai-babies-
84577fabec5202d9/.

Buschek, Christo and Jer Thorp. 2024. “Models All the Way Down.” Knowing Machines, April 9, 
2024. https://knowingmachines.org/models-all-the-way.

Carlini, Nicholas, Jamie Hayes, Milad Nasr, et al. 2023. “Extracting Training Data from Diffusion 
Models.” Preprint, arXiv, January 30, 2023. https://doi.org/10.48550/arXiv.2301.13188.

Carlson, Matt. 2009. “THE REALITY OF A FAKE IMAGE: News Norms, Photojournalistic 
Craft, and Brian Walski’s Fabricated Photograph.” Journalism Practice 3 (2): 125–139. https://
doi.org/10.1080/17512780802681140.

Coeckelbergh, Mark and David J. Gunkel. 2025. Communicative AI: A Critical Introduction to 
Large Language Models. Cambridge: Polity.

Crawford, Kate and Trevor Paglen. 2019. “Excavating AI: The Politics of Training Sets for 
Machine Learning.” Excavating.ai, September 19, 2019. https://excavating.ai.

Cronin, Brian. 2024. “DC Pulls Controversial Content Suspected of Being Produced by 
Generative A.I.” Comic Book Resources, April 22, 2024. https://www.cbr.com/dc-pulls-covers- 
generative-ai-art-suspected/.

Davies, William. 2023. “The Reaction Economy.” The London Review of Books 45 (5), March, 
2023. https://www.lrb.co.uk/the-paper/v45/n05/william-davies/the-reaction-economy.

De Rosa Palmini, Maria-Teresa, Laura Wagner, and Eva Cetinic. 2024. “Civiverse: A Dataset 
for Analyzing User Engagement with Open-Source Text-to-Image Models.” Preprint, arXiv, 
August 10, 2024. https://doi.org/10.48550/arXiv.2408.15261.

Di Placido, Dani. 2025. “The AI-Generated Studio Ghibli Trend, Explained.” Forbes, March 
27, 2025. https://www.forbes.com/sites/danidiplacido/2025/03/27/the-ai-generated-studio- 
ghibli-trend-explained.

Diaz, Jesus. 2023. “Why Wes Anderson Refuses to Watch his TikTok Memes.” FastCompany, 
June 26, 2023. https://www.fastcompany.com/90901908/wes-anderson-ai-remakes-tiktok.

Dobson, James E. 2023. The Birth of Computer Vision. Minneapolis: University of Minnesota 
Press.

Dornis, Tim W. and Sebastian Stober. 2024. “Copyright Law and Generative AI Training—
Technological and Legal Foundations.” NOMOS Open Access Books, August 29, 2024. https://
papers.ssrn.com/sol3/papers.cfm?abstract_id=4946214.

Eliaçik, Eray. 2022. “Does ArtStation Become PromptStation?” DataConomy, December 20, 2022. 
https://dataconomy.com/2022/12/no-to-AI-generated-images-artstation.

Ervik, Andreas. 2023. “Generative AI and the Collective Imaginary: The Technology-Guided 
Social Imagination in AI-Imagenesis.” Generative Imagery: Towards a ‘New Paradigm’ 

https://doi.org/10.5325/jasiapacipopcult.7.1.0109
https://doi.org/10.5325/jasiapacipopcult.7.1.0109
https://www.garbageday.email/p/youtube-s-second-biggest-channel-is-full-of-ai-babies-84577fabec5202d9/
https://www.garbageday.email/p/youtube-s-second-biggest-channel-is-full-of-ai-babies-84577fabec5202d9/
https://knowingmachines.org/models-all-the-way
https://doi.org/10.48550/arXiv.2301.13188
https://doi.org/10.1080/17512780802681140
https://doi.org/10.1080/17512780802681140
https://excavating.ai
https://www.cbr.com/dc-pulls-covers-generative-ai-art-suspected/
https://www.cbr.com/dc-pulls-covers-generative-ai-art-suspected/
https://www.lrb.co.uk/the-paper/v45/n05/william-davies/the-reaction-economy
https://doi.org/10.48550/arXiv.2408.15261
https://www.forbes.com/sites/danidiplacido/2025/03/27/the-ai-generated-studio-ghibli-trend-explained
https://www.forbes.com/sites/danidiplacido/2025/03/27/the-ai-generated-studio-ghibli-trend-explained
https://www.fastcompany.com/90901908/wes-anderson-ai-remakes-tiktok
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4946214
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4946214
https://dataconomy.com/2022/12/no-to-AI-generated-images-artstation


196

of Machine Learning-Based Image Production, Special-Themed issue of IMAGE: The 
Interdisciplinary Journal of Image Sciences 37 (1): 42–57.

Ferwerda, James A. 2003. “Three Varieties of Realism in Computer Graphics.” IS&T/SPIE 
Electronic Imaging. https://cin.ufpe.br/~in1123/material/vor_hvei03_v20.pdf.

Fletcher, Harry. 2024. “DC Comics ‘Looking into’ Claims that Batman Artist Used AI for 
Comic Book Art.” indy100, March 14, 2024. https://www.indy100.com/showbiz/batman- 
andrea-sorrentino-ai-art-2667509825.

Fried, Ina. 2024. “For AI Firms, anything ‘Public’ is Fair Game.” Axios, April 5, 2024. https://
www.axios.com/2024/04/05/open-ai-training-data-public-available-meaning?fbclid=I-
wY2xjawGW5CRleHRuA2FlbQIxMAABHaxSESctDCEa4sDp8YLZZ7Z5h6pH2_lPRLl-
3g7WqilNfhGGPIaEFY5Ux2g_aem_yR01LajOGe9KzLtMyeXWPQ.

Galloway, Alexander. 2021. Uncomputable: Play and Politics in the Long Digital Age. London: 
Verso.

Garg, Nikhil, Londa Schiebinger, Dan Jurafsky, and James Zou. 2017. “Word Embeddings 
Quantify 100 Years of Gender and Ethnic Stereotypes.” Preprint PNAS 115 (16) E3635–E3644,  
November 22, 2017. https://doi.org/10.1073/pnas.1720347115.

Giralt, Gabriel F. 2017. “The Interchangeability of VFX and Live Action and Its Implications for 
Realism.” Journal of Film and Video 69 (1): 3–17. https://doi.org/10.5406/jfilmvideo.69.1.0003.

Gitelman, Lisa. 2006. “Introduction: Media as Historical Subjects.” In Always Already New. 
Media History and the Data of Culture, 1–22. Cambridge, MA: The MIT Press.

Golby, Joel. 2023. “I thought I was Immune to Being Fooled Online: Then I Saw the Pope in a 
Coat.” The Guardian, March 27, 2023. https://www.theguardian.com/commentisfree/2023/
mar/27/pope-coat-ai-image-baby-boomers.

Goldman, Sharon. 2023. “A Free AI Image Dataset, Removed for Child Sex Abuse Images, has 
Come under Fire before.” Venture Beat, December 29, 2023. https://venturebeat.com/ai/a-
free-ai-image-dataset-removed-for-child-sex-abuse-images-has-come-under-fire-before.

Gray, Mary L. and Siddharth Suri. 2019. Ghost Work: How to Stop Silicon Valley from Building a 
New Global Underclass. Boston: Houghton Mifflin Harcourt.

Growcoot, Matt. 2023a. “AI Image of Tiananmen Square’s Tank Man Rises to the Top of Google 
Search.” PetaPixel, September 27, 2023. https://petapixel.com/2023/09/27/ai-image-of- 
tiananmen-squares-tank-man-rises-to-the-top-of-google-search.

Growcoot, Matt. 2023b. “Which AI Image Generator is The Most Biased?” PetaPixel, November 
3, 2023. https://petapixel.com/2023/11/03/which-ai-image-generator-is-the-most-biased.

Haddad, Mohammed. 2023. “Fake Pentagon Explosion Photo Goes Viral: How to Spot 
an AI Image.” Al Jazeera, May 23, 2023. https://www.aljazeera.com/news/2023/5/23/
fake-pentagon-explosion-photo-goes-viral-how-to-spot-an-ai-image.

Wilde | Humanities Perspectives on AI

https://cin.ufpe.br/~in1123/material/vor_hvei03_v20.pdf
https://www.indy100.com/showbiz/batman-andrea-sorrentino-ai-art-2667509825
https://www.indy100.com/showbiz/batman-andrea-sorrentino-ai-art-2667509825
https://www.axios.com/2024/04/05/open-ai-training-data-public-available-meaning?fbclid=IwY2xjawGW5CRleHRuA2FlbQIxMAABHaxSESctDCEa4sDp8YLZZ7Z5h6pH2_lPRLl3g7WqilNfhGGPIaEFY5Ux2g_aem_yR01LajOGe9KzLtMyeXWPQ
https://www.axios.com/2024/04/05/open-ai-training-data-public-available-meaning?fbclid=IwY2xjawGW5CRleHRuA2FlbQIxMAABHaxSESctDCEa4sDp8YLZZ7Z5h6pH2_lPRLl3g7WqilNfhGGPIaEFY5Ux2g_aem_yR01LajOGe9KzLtMyeXWPQ
https://www.axios.com/2024/04/05/open-ai-training-data-public-available-meaning?fbclid=IwY2xjawGW5CRleHRuA2FlbQIxMAABHaxSESctDCEa4sDp8YLZZ7Z5h6pH2_lPRLl3g7WqilNfhGGPIaEFY5Ux2g_aem_yR01LajOGe9KzLtMyeXWPQ
https://www.axios.com/2024/04/05/open-ai-training-data-public-available-meaning?fbclid=IwY2xjawGW5CRleHRuA2FlbQIxMAABHaxSESctDCEa4sDp8YLZZ7Z5h6pH2_lPRLl3g7WqilNfhGGPIaEFY5Ux2g_aem_yR01LajOGe9KzLtMyeXWPQ
https://doi.org/10.5406/jfilmvideo.69.1.0003
https://www.theguardian.com/commentisfree/2023/mar/27/pope-coat-ai-image-baby-boomers
https://www.theguardian.com/commentisfree/2023/mar/27/pope-coat-ai-image-baby-boomers
https://venturebeat.com/ai/a-free-ai-image-dataset-removed-for-child-sex-abuse-images-has-come-under-fire-before
https://venturebeat.com/ai/a-free-ai-image-dataset-removed-for-child-sex-abuse-images-has-come-under-fire-before
https://petapixel.com/2023/09/27/ai-image-of-tiananmen-squares-tank-man-rises-to-the-top-of-google-search
https://petapixel.com/2023/09/27/ai-image-of-tiananmen-squares-tank-man-rises-to-the-top-of-google-search
https://petapixel.com/2023/11/03/which-ai-image-generator-is-the-most-biased
https://www.aljazeera.com/news/2023/5/23/fake-pentagon-explosion-photo-goes-viral-how-to-spot-an-ai-image
https://www.aljazeera.com/news/2023/5/23/fake-pentagon-explosion-photo-goes-viral-how-to-spot-an-ai-image


8. AI Imagery 197

Hausken, Liv. 2024. “Photorealism versus Photography: AI-generated Depiction in the Age of 
Visual Disinformation.” Journal of Aesthetics & Culture 16 (1). https://doi.org/10.1080/2000
4214.2024.2340787.

Heaven, Will Douglas. 2022. “This Horse-Riding Astronaut is a Milestone on AI’s Long Road 
towards Understanding.” MIT Technology Review, April 6, 2022. https://www.technologyre-
view.com/2022/04/06/1049061/dalle-openai-gpt3-ai-agi-multimodal-image-generation.

Heikkilä, Melissa. 2022a. “The Viral AI Avatar App Lensa Undressed me—Without my 
Consent.” MIT Technology Review, December 12, 2022. https://www.technologyreview.
com/2022/12/12/1064751/the-viral-ai-avatar-app-lensa-undressed-me-without-my-consent.

Heikkilä, Melissa. 2022b. “This Artist is Dominating AI-Generated Art: And he’s not Happy 
about it.” MIT Technology Review, September 16, 2022. https://www.technologyreview.
com/2022/09/16/1059598/this-artist-is-dominating-ai-generated-art-and-hes-not-happy-
about-it.

Heikkilä, Melissa. 2023. “These New Tools Let You See for Yourself how Biased AI Image 
Models are.” MIT Technology Review, March 22, 2023. https://www.technologyreview.
com/2023/03/22/1070167/these-news-tool-let-you-see-for-yourself-how-biased-ai-image-
models-are/.

Herrie, Maja Bak and Lotte Philipsen. 2026. “’No Children Were Harmed’: Aesthetic 
Infrastructures and Ethical Implications of AI-generated Portraits.” Visual Studies 2026: 
1–12. https://doi.org/10.1080/1472586X.2025.2606201.

Heuser, Ryan. 2025. “Generative Aesthetics: On Formal Stuckness in AI Verse.” Journal of 
Cultural Analytics 10 (3). https://doi.org/10.22148/001c.144825.

Hoel, Aurora and Lukas R.A. Wilde. 2026. “AI as Media.” In Humanities Perspectives on AI: An 
Interdisciplinary Introduction, edited by Lukas R.A. Wilde, Miriam Kyselo, Thomas Brandt, 
Guri Hanem, and Roger A. Søraa, 145–172. Oslo: Scandinavian University Press.

Juefei-Xu, Felix, Run Wang, Yihao Huang, Qing Guo, Lei Ma, and Yang Liu. 2022. “DeepFakes: 
Survey, Battleground, and Horizon.” International Journal of Computer Vision 130: 1678–
1734. https://doi.org/10.1007/s11263-022-01606-8.

Kędra, Joanna. 2016. “Enhancing Visual Literacy Through Interpretation of Photo-Genres: 
Toward a Genre Typology of Journalistic Photographs.” Journal of Media Practice 17 (1): 
28–47. http://dx.doi.org/10.1080/14682753.2016.1159451.

Kerbl, Bernhard, Georgios Kopanas, Thomas Leimkühler, and George Drettakis. 2023. “3D 
Gaussian Splatting for Real-Time Radiance Field Rendering.” Preprint, arXiv, August 8, 2023. 
https://doi.org/10.48550/arXiv.2308.04079.

Kleinman, Zoe. 2024. “Why Google’s ’Woke’ AI Problem won’t be an Easy Fix.” BBC, February 
28, 2024. https://www.bbc.com/news/technology-68412620.

https://doi.org/10.1080/20004214.2024.2340787
https://doi.org/10.1080/20004214.2024.2340787
https://www.technologyreview.com/2022/04/06/1049061/dalle-openai-gpt3-ai-agi-multimodal-image-generation
https://www.technologyreview.com/2022/04/06/1049061/dalle-openai-gpt3-ai-agi-multimodal-image-generation
https://www.technologyreview.com/2022/12/12/1064751/the-viral-ai-avatar-app-lensa-undressed-me-without-my-consent
https://www.technologyreview.com/2022/12/12/1064751/the-viral-ai-avatar-app-lensa-undressed-me-without-my-consent
https://www.technologyreview.com/2022/09/16/1059598/this-artist-is-dominating-ai-generated-art-and-hes-not-happy-about-it
https://www.technologyreview.com/2022/09/16/1059598/this-artist-is-dominating-ai-generated-art-and-hes-not-happy-about-it
https://www.technologyreview.com/2022/09/16/1059598/this-artist-is-dominating-ai-generated-art-and-hes-not-happy-about-it
https://www.technologyreview.com/2023/03/22/1070167/these-news-tool-let-you-see-for-yourself-how-biased-ai-image-models-are/
https://doi.org/10.1080/1472586X.2025.2606201
https://doi.org/10.22148/001c.144825
https://doi.org/10.1007/s11263-022-01606-8
http://dx.doi.org/10.1080/14682753.2016.1159451
https://doi.org/10.48550/arXiv.2308.04079
https://www.bbc.com/news/technology-68412620


198

Koebler, Jason. 2024. “The Backlash Against AI Scraping Is Real and Measurable.” 404media, July 
23, 2024. https://www.404media.co/the-backlash-against-ai-scraping-is-real-and-measurable/.

LaMagdeleine, Izz Scott. 2023. “Fact Check: Is This a Real Pic of a Baby Peacock?” Yahoo News, 
August 15, 2023. https://news.yahoo.com/fact-check-real-pic-baby-184500737.html.

Laraki, Elizabeth. 2024. “I’m talking at a conference later this year (on UX+AI)..…” Posted on X, 
October 15, 2024. https://x.com/elizlaraki/status/1846252781851890026.

Larsen, Luke. 2023. “Fake AI Images are Showing up in Google Search—and it’s a Problem.” 
Digitaltrends, September 28, 2023. https://www.digitaltrends.com/computing/fake-ai-images- 
showing-in-google-search.

Leffer, Lauren. 2023. “Your Personal Information Is Probably Being Used to Train Generative AI 
Models.” Scientific American, October 19, 2023. https://www.scientificamerican.com/article/
your-personal-information-is-probably-being-used-to-train-generative-ai-models.

Lemmes, Marcel. 2025. “Beyond the Hyperreal: Digitale Bilder und KI—Eine Herausforderung 
für die Bildsemiotik?” In Bilder im Aufbruch: Herausforderungen der Bildwissenschaft, 
edited by Marcel Lemmes, Stephan Packard, and Klaus Sachs-Hombach, 319–351. Cologne: 
Herbert von Halem.

Luccioni, Alexandra Sasha, Yacine Jernite, and Emma Strubell. 2023. “Power Hungry Processing: 
Watts Driving the Cost of AI Deployment?” Preprint, arXiv, November 28, 2023. https://doi.
org/10.1145/3630106.3658542.

Maiberg, Emanuel. 2025. “Hugging Face Is Hosting 5,000 Nonconsensual AI Models of Real 
People.” 404 Media, July 15, 2025. https://www.404media.co/hugging-face-is-hosting-5-000- 
nonconsensual-ai-models-of-real-people/.

Marcus, Gary and Reid Southen. 2024. “Generative AI Has a Visual Plagiarism Problem: 
Experiments with Midjourney and DALL-E 3 Show a Copyright Minefield.” IEEE Spectrum, 
January 6, 2024. https://spectrum.ieee.org/midjourney-copyright.

Metz, Rachel and Brody Ford. 2024. “Adobe’s ‘Ethical’ Firefly AI Was Trained on Midjourney 
Images.” Bloomberg, April 12, 2024. https://www.bloomberg.com/news/articles/2024-04-12/
adobe-s-ai-firefly-used-ai-generated-images-from-rivals-for-training?embedded-check-
out=true.

Meyer, Roland. 2023. “The New Value of the Archive: AI Image Generation and the Visual 
Economy of ‘Style.’” Generative Imagery: Towards a ‘New Paradigm’ of Machine Learning-
Based Image Production, Special-Themed Issue of IMAGE: The Interdisciplinary Journal of 
Image Sciences 37 (1): 100–111.

Meyer, Roland. 2024a. “It’s a Flat World: The Synthetic Realities of Sora.” Rrrreflect: Journal of 
Integrated Design Research 1 (1): Special Issue Hidden Layers. https://rrrreflect.org/special-is-
sue-1/its-a-flat-world-the-synthetic-realities-of-sora. https://doi.org/10.57684/COS-1267.

Meyer, Roland. 2024b. “Spekulative Strategien: KI-Bilder, Memesis und wilde Forensis.” 
Fotogeschichte 172: 38–44.

Wilde | Humanities Perspectives on AI

https://www.404media.co/the-backlash-against-ai-scraping-is-real-and-measurable/
https://news.yahoo.com/fact-check-real-pic-baby-184500737.html
https://x.com/elizlaraki/status/1846252781851890026
https://www.digitaltrends.com/computing/fake-ai-images-showing-in-google-search
https://www.digitaltrends.com/computing/fake-ai-images-showing-in-google-search
https://www.scientificamerican.com/article/your-personal-information-is-probably-being-used-to-train-generative-ai-models
https://www.scientificamerican.com/article/your-personal-information-is-probably-being-used-to-train-generative-ai-models
https://doi.org/10.1145/3630106.3658542
https://doi.org/10.1145/3630106.3658542
https://www.404media.co/hugging-face-is-hosting-5-000-nonconsensual-ai-models-of-real-people/
https://www.404media.co/hugging-face-is-hosting-5-000-nonconsensual-ai-models-of-real-people/
https://spectrum.ieee.org/midjourney-copyright
https://www.bloomberg.com/news/articles/2024-04-12/adobe-s-ai-firefly-used-ai-generated-images-from-rivals-for-training?embedded-checkout=true
https://www.bloomberg.com/news/articles/2024-04-12/adobe-s-ai-firefly-used-ai-generated-images-from-rivals-for-training?embedded-checkout=true
https://www.bloomberg.com/news/articles/2024-04-12/adobe-s-ai-firefly-used-ai-generated-images-from-rivals-for-training?embedded-checkout=true
https://rrrreflect.org/special-issue-1/its-a-flat-world-the-synthetic-realities-of-sora
https://rrrreflect.org/special-issue-1/its-a-flat-world-the-synthetic-realities-of-sora
https://doi.org/10.57684/COS-1267


8. AI Imagery 199

Meyer, Roland. 2025a. “Images from Images: Generative AI and the Reconfiguration of the 
‘Photographic.’” Photography & Culture 18 (3–4): 281–290. https://doi.org/10.1080/175145
17.2025.2522517.

Meyer, Roland. 2025b. “‘Platform Realism’: AI Image Synthesis and the Rise of Generic Visual 
Content.” Transbordeur, February 26, 2025. https://doi.org/10.4000/13dwq.

Miller, Arthur I. 2019. The Artist in the Machine: The World of AI-Powered Creativity. Cambridge, 
MA: The MIT Press.

Miltner, Kate M. 2024. “‘A.I. Is Holding a Mirror to Our Society’: Lensa and the Discourse of 
Visual Generative AI.” Journal of Digital Social Research 6 (4): 13–33. https://doi.org/10.33621/
jdsr.v6i440456.

Mitchell, Melanie. 2020. Artificial Intelligence: A Guide for Thinking Humans. London: Pelican.
Mitchell, William J.T. 1992. The Reconfigured Eye: Visual Truth in the Post-Photographic Era. 

Cambridge, MA: The MIT Press.
Moskatova, Olga. 2025. “The Aesthetics of Promise: Tech-Failures and Tech-Demonstrations of 

Generative AI.” In AI Aesthetics: AI-Generated Images between Artistics and Aisthetics, edited 
by Jan-Noël Thon and Lukas R.A. Wilde, 75–91. New York: Routledge.

Musk, Elon. 2024. “Kamala vows to be a communist dictator on day one...…” Posted on X, 
September 1, 2024. https://x.com/elonmusk/status/1830656672211103825?lang=de.

Offert, Fabian. 2022. “Ten Years of Image Synthesis.” Zentralwerkstatt, November 10, 2022. 
https://zentralwerkstatt.org/blog/ten-years-of-image-synthesis.

Offert, Fabian. 2023. “On the Concept of History (in Foundation Models).” Generative Imagery: 
Towards a ‘New Paradigm’ of Machine Learning-Based Image Production, Special-Themed 
Issue of IMAGE: The Interdisciplinary Journal of Image Sciences 37 (1): 121–134.

Offert, Fabian and Thao Phan. 2022. “A Sign That Spells: DALL-E 2, Invisual Images and the 
Racial Politics of Feature Space.” Preprint, arXiv, October 26, 2022. https://doi.org/10.48550/
arXiv.2211.06323.

OpenAI. 2025. “Introducing 4o Image Generation.” OpenAI, March 25, 2025. https://openai.
com/index/introducing-4o-image-generation.

Philipsen, Lotte. 2025. “Aesthetic Protocols of Popular AI Art.” In AI Aesthetics: AI-Generated 
Images between Artistics and Aisthetics, edited by Jan-Noël Thon and Lukas R.A. Wilde, 
59–74. New York: Routledge.

Plunkett, Luke. 2022. “DeviantArt Embraces AI Art, Fucks Up Massively.” Kotaku, November 13, 
2022. https://kotaku.com/deviantart-ai-art-nft-crypto-scam-hustle-protest-stable-184977 
8362.

Ramesh, Aditya, Prafulla Dhariwal, Alex Nichol, Casey Chu, and Mark Chen. 2022. “Hierarchical 
Text-Conditional Image Generation with CLIP Latents.” Preprint, arXiv, April 13, 2022. 
https://doi.org/10.48550/arXiv.2204.06125.

https://doi.org/10.1080/17514517.2025.2522517
https://doi.org/10.1080/17514517.2025.2522517
https://doi.org/10.4000/13dwq
https://doi.org/10.33621/jdsr.v6i440456
https://doi.org/10.33621/jdsr.v6i440456
https://x.com/elonmusk/status/1830656672211103825?lang=de
https://zentralwerkstatt.org/blog/ten-years-of-image-synthesis
https://openai.com/index/introducing-4o-image-generation
https://openai.com/index/introducing-4o-image-generation
https://kotaku.com/deviantart-ai-art-nft-crypto-scam-hustle-protest-stable-1849778362
https://kotaku.com/deviantart-ai-art-nft-crypto-scam-hustle-protest-stable-1849778362


200

Rettberg, Jill Walker. 2023. Machine Vision: How Algorithms Are Changing the Way We See the 
World. Newark: Polity Press.

Robison, Greg. 2025. “Tokens Not Noise: How GPT-4o’s Approach Changes Everything About AI 
Art.” Medium, April 1, 2025. https://gregrobison.medium.com/tokens-not-noise-how-gpt- 
4os-approach-changes-everything-about-ai-art-99ab8ef5195d.

Salvaggio, Eryk. 2023. “The Hypothetical Image: The Aestheticization of Algorithmic 
Ideologies.” Cybernetic Forests, November 12, 2023. https://cyberneticforests.substack.com/ 
p/no-mourning-for-synthetic-ruins.

Schuhmann, Christoph, Romain Beaumont, Richard Vencu, et al. 2022. “LAION-5B: An Open 
Large-Scale Dataset for Training Next Generation Image-Text Models.” Preprint, arXiv, 
October 16, 2022. https://doi.org/10.48550/arXiv.2210.08402.

Scribner, Herb. 2023. “’Secret Invasion’ Creeps out Fans with an AI-Generated Intro 
Sequence.” The Washington Post, June 22, 2023. https://www.washingtonpost.com/arts- 
entertainment/2023/06/21/secret-invasion-ai-intro.

Sharma, Jitendra and Rohita Sharma. 2017. “Analysis of Key Photo Manipulation Cases and 
their Impact on Photography.” The IISU-JOA Journal of Arts, 88–99. http://iisjoa.org/sites/
default/files/iisjoa/2017/PDF/11.%20Jitendra%20Sharma%20&%20Rohita%20Sharma.pdf.

Shifman, Limor. 2013. Memes in Digital Culture. Cambridge, MA: The MIT Press.
Somaini, Antonio. 2023. “Algorithmic Images: Artificial Intelligence and Visual Culture.” Grey 

Room 93 (Fall): 75–115. https://doi.org/10.1162/grey_a_00383.
Somepalli, Gowthami, Vasu Singla, Micah Goldblum, Jonas Geiping, and Tom Goldstein. 2022. 

“Diffusion Art or Digital Forgery? Investigating Data Replication in Diffusion Models.” 
Preprint, arXiv, December 7, 2022. https://doi.org/10.48550/arXiv.2212.03860.

Søraa, Roger A. and Kristine Ask. 2026. “AI and Equality.” In Humanities Perspectives on AI: An 
Interdisciplinary Introduction, edited by Lukas R.A. Wilde, Miriam Kyselo, Thomas Brandt, 
Guri Hanem, and Roger A. Søraa, 111–126. Oslo: Scandinavian University Press.

Theoretical Media. 2026. “How Seedance 2.0 is SO GOOD (And Why Hollywood is Shook).” 
Youtube, February 16, 2026. https://www.youtube.com/watch?v=yLQClFqzHOU&t=324s.

Thon, Jan-Noël. 2025. “AI Horseplay: Postdigital Aesthetics in AI-Generated Images.” In AI 
Aesthetics: AI-Generated Images between Artistics and Aisthetics, edited by Jan-Noël Thon 
and Lukas R.A. Wilde, 22–58. New York: Routledge.

Thon, Jan-Noël and Lukas R.A. Wilde. 2025. “Introduction: AI Aesthetics.” In AI Aesthetics: 
AI-Generated Images between Artistics and Aisthetics, edited by Jan-Noël Thon and Lukas 
R.A. Wilde, 1–21. New York: Routledge.

Tian, Keyu, Yi Jiang, Zehuan Yuan, Bingyue Peng, and Liwei Wang. 2024. “Visual Autoregressive 
Modeling: Scalable Image Generation via Next-Scale Prediction.” Preprint, arXiv, June 10, 
2024. https://doi.org/10.48550/arXiv.2404.02905.

Wilde | Humanities Perspectives on AI

https://gregrobison.medium.com/tokens-not-noise-how-gpt-4os-approach-changes-everything-about-ai-art-99ab8ef5195d
https://gregrobison.medium.com/tokens-not-noise-how-gpt-4os-approach-changes-everything-about-ai-art-99ab8ef5195d
https://cyberneticforests.substack.com/p/no-mourning-for-synthetic-ruins
https://cyberneticforests.substack.com/p/no-mourning-for-synthetic-ruins
https://doi.org/10.48550/arXiv.2210.08402
https://www.washingtonpost.com/arts-entertainment/2023/06/21/secret-invasion-ai-intro
https://www.washingtonpost.com/arts-entertainment/2023/06/21/secret-invasion-ai-intro
http://iisjoa.org/sites/default/files/iisjoa/2017/PDF/11.%20Jitendra%20Sharma%20&%20Rohita%20Sharma.pdf.
http://iisjoa.org/sites/default/files/iisjoa/2017/PDF/11.%20Jitendra%20Sharma%20&%20Rohita%20Sharma.pdf.
https://doi.org/10.1162/grey_a_00383
https://doi.org/10.48550/arXiv.2212.03860
https://www.youtube.com/watch?v=yLQClFqzHOU&t=324s


8. AI Imagery 201

Treccani, Carloalberto. 2018. “How Machines See the World: Understanding Image Annotation.” 
NECSUS. European Journal of Media Studies 7 (1): 235–254. https://doi.org/10.25969/
mediarep/3425.

Wakefield, Jane. 2022. “Deepfake Presidents Used in Russia-Ukraine War.” BBC, March 18, 
2022. https://www.bbc.com/news/technology-60780142.

Watkins, Gareth. 2025. “AI: The New Aesthetics of Fascism.” New Socialist, February 9, 2025. 
https://newsocialist.org.uk/transmissions/ai-the-new-aesthetics-of-fascism.

Wilde, Lukas R.A. 2023. “Generative Imagery as Media Form and Research Field: Introduction 
to a New Paradigm.” Generative Imagery: Towards a ‘New Paradigm’ of Machine Learning-
Based Image Production, Special-Themed Issue of IMAGE: The Interdisciplinary Journal of 
Image Sciences 37 (1): 6–33. http://dx.doi.org/10.25969/mediarep/22326.

Wilde, Lukas R.A. 2025. “KI-Bilder und die Widerständigkeit der Medienkonvergenz: Von 
primärer zu sekundärer Intermedialität?“ In Bilder im Aufbruch: Herausforderungen der 
Bildwissenschaft, edited by Marcel Lemmes, Stephan Packard, and Klaus Sachs-Hombach, 
475–507. Cologne: Herbert von Halem.

Yadlin-Segal, Aya and Yael Oppenheim. 2021. “Whose Dystopia Is it Anyway? Deepfakes and 
Social Media Regulation.” Convergence: The International Journal of Research into New Media 
Technologies 27 (1): 36–51. https://doi.org/10.1177/1354856520923963.

Yan, Zhiyuan, Junyan Ye, Weijia Li, et al. 2025. “GPT-ImgEval: A Comprehensive Benchmark 
for Diagnosing GPT4o in Image Generation.” Preprint, arXiv, April 3, 2025. https://doi.
org/10.48550/arXiv.2504.02782.

Zylinska, Joanna. 2020. AI Art: Machine Visions and Warped Dreams. London: Open Humanities 
Press. https://www.openhumanitiespress.org/books/titles/ai-art.

https://doi.org/10.25969/mediarep/3425
https://doi.org/10.25969/mediarep/3425
https://www.bbc.com/news/technology-60780142
https://newsocialist.org.uk/transmissions/ai-the-new-aesthetics-of-fascism
http://dx.doi.org/10.25969/mediarep/22326
https://doi.org/10.1177/1354856520923963
https://doi.org/10.48550/arXiv.2504.02782
https://doi.org/10.48550/arXiv.2504.02782
https://www.openhumanitiespress.org/books/titles/ai-art




Wilde, Lukas R.A., Miriam Kyselo, Thomas Brandt, Guri Hanem, and Roger A. Søraa, eds. 2026. Humanities Perspectives on AI: 
An Interdisciplinary Introduction. Scandinavian University Press. https://doi.org/10.18261/9788294167234-26-09
Open access | © The author(s) 2026. This work is licensed under CC BY 4.0. To view a copy of this license, visit 
https://creativecommons.org/licenses/by/4.0/.

9. AI and Music Generation
Andreas Bergsland

Abstract: This chapter focuses on generation of music using AI technologies. It 
begins by presenting some milestones in algorithmic music preceding current tech-
nologies, including dice music from the 18th century and early computer compo-
sition from the 1950s. As a case study, it then looks at two AI music generation 
services, Udio and Suno, and how their prompt-based interfaces and model capabil-
ities invite certain types of user interaction. Furthermore, the chapter examines typ-
ical humanities issues related to these services, including representativeness, bias, 
evaluation, ethics and copyright, as well as showing how AI creators can experience 
a form of “creator bias” and a sense of achievement towards their AI-generated 
outputs—despite the apparent effortlessness of the creation process.

Keywords: copyright, creator bias, evaluation, representativeness, virtual artists

In the field of music, AI has entered into a great many areas of application in 
recent years: analysis and classification, sound source (stem) separation, rec-
ommendation and personalization, sound synthesis and processing, timbre and 
style transformation, voice models, studio production tools, interactive music 
systems, musical robots, systems for education and learning, and research 
related to various music-related activities.1 However, generating music with the 
use of AI has probably gotten even more attention in the media in recent years. 
For example, in 2018, “Hello world” by Skygge, an album made by a group of 
musicians and AI researchers, generated headlines like “Is this the World’s First 
Good Robot Album?” (Marshall 2018) and “AI’s First Pop Album Ushers in a 
New Musical Era” (Avdeeff 2018). And in August 2024, Music Radar reported 
that the first ever AI-generated track had hit the German charts (Simpson 2024). 

1	 In my categorization of application areas, the sources Deruty et al. 2022; Johnson et al. 2023; 
Magnusson 2019; Miranda 2021; Peeters and Richard 2021; Shang 2019; Zulić 2019 have been 
particularly influential.

https://doi.org/10.18261/9788294167234-26-09
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Furthermore, Sony, Universal, Warner and several other major music labels 
made headlines when they sued AI music generation companies Suno and Udio 
in June 2024 (Berger 2024). In this chapter, I will begin by presenting a brief 
introduction to generation of music using AI. Following this, the major part 
of the chapter will focus on more recent developments, including tools that are 
accessible to the public such as Suno and Udio. The main contribution of the 
chapter is how these developments and tools are discussed in light of the issues 
often raised in the humanities, such as representativity, bias, evaluation, ethics, 
and copyright. This discussion is based on recent research contributions in the 
field, but it also introduces the novel perspective of creator bias and discusses 
the sense of achievement related to AI creations.

From Dice to Computers
Western music has a long tradition of generating music through algorithms, 
even predating computers. This is because algorithms do not necessarily need 
to be implemented on computers; they are simply a set of instructions compa-
rable to a food recipe that can produce a result. Two of the most famous classi-
cal composers, Haydn and Mozart, devised what we can safely call algorithmic 
music generation systems, where dice throws select musical material to form a 
composition (Magnusson 2019, 113).

One could assume that generating music on the earliest computers would 
not be a priority in the decades after the Second World War, with the scarcity 
of computational resources and personnel to operate them. Yet, as early as in 
1957, Lejaren Hiller and Leonard Isaacson used the ILLIAC I computer at the 
University of Illinois to generate the score for The Illiac Suite, a string quartet 
in four movements. This composition process worked with symbolic data—i.e. 
representations of musical notes—since this is a very compact way of repre-
senting musical information like pitch and duration. They experimented with 
different approaches in the four different movements, and several of these are 
still common today (Steels 2021).

In the late 1980s, while struggling to overcome composer’s block, David 
Cope, an American composer and researcher, developed a computer system 
for analyzing traits of existing pieces of classical music to generate new music, 
using randomness to be able to generate many variations. In fact, after sev-
eral years of refinement he had created a system called EMI (Experiments in 
Musical Intelligence) that could generate new musical pieces within several 
classical styles, as a kind of musical emulation. Moreover, as proof of concept, he 
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recorded several of the pieces that he had generated with his EMI system from 
the mid-1990s onward—pieces that emulated J. S. Bach, Mozart, Stravinsky, 
Beethoven, Rachmaninov and others using human musicians and ensembles.

Making Music from Text Prompts: Udio and Suno
Although there is a lot to be said about how different kinds of algorithms have 
been used to generate music over the years, the restricted format of this chap-
ter makes it necessary to skip to the most recent trends in AI-generated music, 
namely using deep learning. Deep learning models gained popularity in the 
late 2000s, when they succeeded in outperforming standard techniques in an 
image classification task (Briot and Pachet 2018). Since then, this family of 
techniques has been used with great success for a number of tasks, includ-
ing music generation, with the aforementioned commercial models Suno and 
Udio as the most recent examples of music generation systems that are able to 
generate musical pieces or excerpts of pieces with only minimal user input. 
Moreover, many of these no longer work merely on the level of musical notes, 
but on digital audio data directly.

Starting in the mid-2010s, but accelerating from the early 2020s, a growing 
number of commercial services have established online services for generating 
new music with the use of deep learning algorithms, most often marketing 
themselves as using “AI” to generate music. Some of these are AIVA, Loudly, 
Boomy, Beatoven, Riffusion, Stable Audio, Soundful, Soundraw, Udio and 
Suno.2 In these services, the user can provide some kind of user input, click 
a button, and then have a full track or an excerpt of music played back a few 
moments later. Many of these services allow the user to provide tags for genre, 
mood, use context or something similar, and perhaps some sliders or drop-
down menus to control key and meter, but after the huge success of ChatGPT 
following its launch in 2022, there has been a tendency to integrate Large 
Language Models (LLMs) in the systems, enabling users to insert text prompts 
as input. We will take a closer look at Udio and Suno below.

According to the music magazine Rolling Stone, the quality of the music that 
can be generated with Suno and Udio seemed like a breakthrough compared 
to earlier AI music generators, especially given the way in which they could 
include “realistic, human-sounding vocals” (Hiatt 2024a). Moreover, a recent 

2	 In 2024, I wrote a blog post (Bergsland 2024) where I reviewed some of these services. However, 
this review already seemed outdated at the end of the same year.
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study comparing the musical output from twelve different AI music generation 
systems found that music made by Suno v.3.5 was most often preferred by lis-
teners, followed by Suno v.3 and Udio, thereby supporting the general impres-
sion of these services as market leading (Solak et al. 2024). For the average 
music listener, the music made by these services might sound indistinguish-
able from any other music produced with human singers and conventional 
instruments and tools. When I first listened to Udio in April 2024, I remember 
being impressed by music production details like how instrument groups were 
located differently between left and right in the stereo image. However, the 
“sonic fuzziness” mentioned by the Rolling Stone reporter in the article intro-
ducing Udio can be recognized through closer listening, and this is something 
that I have learned to do after many hours listening to music from both Suno 
and Udio. The sound quality seems to be among the current top priorities for 
these services, since both Udio and Suno listed audio quality as one of three 
version improvements when introducing the new versions of their services in 
2024, Udio v.1.5 and Suno v.4 (Udio Team 2024b.; Team Suno 2024a).

The core feature for both Udio and Suno is clearly the text prompt window, 
located to the left of a “create” button, with text headlines that emphasize what 
this is: “Make your music. Create any song. Just describe it” (Udio); “Make a 
song about anything” (Suno). For example, when I typed “make a sad song 
about cars” in Udio’s prompt window, one of the two song excerpts it gen-
erated was a melancholic song somewhere between rock and country with a 
male vocalist singing about driving at night along “roads so lonely” and where 
“colors fade on an endless highway.” Even if the lyrics are perhaps more about 
loneliness and melancholy as experienced by someone driving a car, the inter-
pretation is surely acceptable.

The ability to create music through a text interface clearly signals a service 
that follows in the footsteps of ChatGPT, although in this case these interfaces 
do not feature a chatbot, but simply a one-way input interface that will steer 
the creation of a song. The functionality of creating vocals with clearly audible 
and (potentially) meaningful lyrics together with a fitting accompaniment is 
highlighted by Suno’s slogan mentioned above, and was sufficiently impres-
sive to persuade Microsoft to integrate Suno in their chatbot service, Copilot 
(Wiggers 2023).

The functionality of lyric generation reveals the LLM built into the model; 
that the lyrics could be about “anything” seemed to be an attractive feature for 
both services, at least judging from the number of lyrics about doing inappro-
priate things in inappropriate places that appeared to be flourishing when I tried 

Bergsland | Humanities Perspectives on AI
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Udio and Suno in early 2024.3 While such lyrics would likely be unthinkable 
for a serious music artist, the “singer” in these services would have no problem 
with them and they would probably raise a smile or two for the listener.

Also, generating songs about specific people like friends, colleagues, fam-
ily members, influencers, or politicians, seems like a popular thing to do. 
For example, searching for songs in the libraries of generated tracks with the 
search term “birthday” renders a long list of songs in both Suno and Udio with 
“birthday” in either the title or the lyrics, most of the time dedicated to a named 
person. In several of these birthday songs, it is evident that the users have pro-
vided the lyrics themselves or have co-written them together with the built-in 
text generator using editing suggestions from the system. These features have 
given these users more control and possibilities to fine-tune significant details 
like typical hallmarks of the individuals in question or how they behave, and  
perhaps also a chance to be more personal. Furthermore, one can imagine how 
such a song would be played at a birthday party or some kind of celebration, 
almost as a kind of gift.

The text prompt is the main input not only for lyrics, but also for steering 
the musical properties of the song. Both Suno and Udio present prompt win-
dows with grayed-out examples of how a prompt might look. Typically, these 
examples include one or more genre tags, but they may also include mood, 
instrumentation, gender of the singer and the type of voice, which decade it 
is associated with, and other tags that might be associated with the music. 
Furthermore, the user can write in any text style and be vaguely associative, 
since the LLM part of the system will “translate” the prompt into tags that can 
be understood by the system; in fact, in Udio these tags are visible to the user. 
For example, a suggested prompt by Udio such as “A documentary about the 
life of a credit card, electro swing, nu jazz” will be translated into the tags “jazz 
fusion, art punk, avant-garde jazz, introspective, complex, technical, avant-
garde, energetic, and manic”. Here we can see the traces of the annotated data-
sets that have gone into the training of the models.

Although one could imagine how the prompt interface would invite users 
to specify in great detail how they would like a song to be, prompts shared by 
users suggest that they are not particularly concerned about details most of 
the time. Since the prompts associated with songs by other users are openly 

3	 In an interview with Mikey Shulman, co-founder of Suno, he reveals that ChatGPT is built into 
their service to generate lyrics and titles, see Hiatt 2024b.
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visible on the platforms, browsing through them gives the general impression 
that the majority are relatively short (fewer than ten words), although Udio 
prompts are sometimes longer (more than twenty words).4 One could spec-
ulate whether this tendency could be attributed to a kind of laziness among 
users or a lack of precise vocabulary for describing musical qualities in more 
detail—after all, this is a tool enabling non-experts to produce songs with very 
little effort and not very precise control. On the other hand, one could say 
that when using short prompts, the effective functionality would be a lot like 
other available services that only allow users to choose from different pre-
defined “genre”, “mood” and “instrumentation” tags, and that giving users a 
text prompt with which they can interact is simply a way to make the services 
seem more reminiscent of ChatGPT and similar AI-based chatbots.5

Representativity and Bias
The use of prompts to control the generation of music opens up discussions 
about the relationship between verbal categories and subjectively experienced 
music, often imbued with feelings of different kinds, as well as about the degree 
of musical and expressive control. Although these are both very complex and 
sometimes philosophical discussions, one need only consider how difficult it is 
to describe music—particularly without any formal music education or train-
ing. In addition, moods, feelings, and emotions that are often part of the cate-
gory tags in musical datasets are also inherently difficult to describe in words. 
Jorge Forero and his colleagues (2023) have argued, for instance, how music 
composed by AI systems conditioned by verbal emotional categories involves 
several problematic issues including the ambiguities within language itself, the 

4	 For example, going through twenty of the songs featured on each of the services at the time of 
writing, Udio users applied an average of sixteen words per prompt, whereas Suno users applied 
five. The two-hundred-character limit in Suno could be a simple explanation for this. However, 
it could also be a matter of a culture on the platform, since there does not seem to be a push 
towards the two-hundred-character limit, at least judging from the very small sample I inves-
tigated. After all, most of the twenty featured prompts on Suno were less than fifty characters, 
and only one was just above a hundred.

5	 This can be contrasted to a music generation service like Aiva that allows for a very high 
degree of control over both musical details and music production decisions. Using an inter-
face that includes the core functionality of what is found in contemporary music production 
tools known as Digital Audio Workstations (DAWs), user can even edit single notes, adjust the 
balance between instruments, and apply digital audio effects to one or more instruments on the 
tracks.

Bergsland | Humanities Perspectives on AI
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subjective and uniquely individual experiences of music, and the many com-
plexities a piece of music might have.

Another area of discussion relates to the representativity or bias (see the 
section on terminology) of the music models, as discussed above. How well 
the dataset covers the different possibilities, variations and combinations of 
tags relating to genre, subgenre, mood, instrumentation and so forth can vary 
greatly, which in turn has a significant impact on the music the system can 
generate. A study by a team of researchers from Abu Dhabi (Mehta et al. 2024) 
found that out of the datasets they investigated, containing over one million 
hours of audio, 86% of the playback time was covered by music genres from 
the Global North, thereby greatly underrepresenting genres from the Global 
South.6 The researchers point to how this will, in turn, create problems for the 
AI music generation systems based on those datasets when the user wants 
to generate music in the genres of the Global South. These problems include 
inconsistent quality, instruments and melodies that are out of sync, and that 
the music generated diverges entirely from the genre. Furthermore, this may 
have several negative effects on music and musicians from the Global South, 
such as cultural erosion, reinforcement of existing biases, and economic 
disparities (Mehta et al. 2024). The research team has therefore suggested 
a set of measures to be taken to remedy the situation, such as investing in 
datasets including music from the Global South. Lastly, the systems should 
also avoid generating results when uncertainty exists, and have the system 
report on the degree of representativity of the generated music in relation to 
the requested genre.

Evaluation
How can we evaluate the music generated with artificial intelligence? There 
are different approaches to this, and in the following we will discuss some of 
these. In the research literature, a common approach is to ask listeners whether 
a piece or an excerpt of music has been made by a computer or a human com-
poser, and such a test is usually referred to as a “musical Turing test” (Ji et al. 

6	 The Global North includes Europe, North America and East Asia, while the Global South inclu-
des Africa, Latin America, South Asia, the Middle East, Central Asia and Oceania. The same 
team also found that while genres like pop, rock, and classical were well represented, children’s 
music and regional genres were very poorly represented.
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2023; Xiong et al. 2023; Yang and Lerch 2020).7 Often the success or efficiency 
of a model is evaluated by asking listeners whether an excerpt of music is 
composed by a human (success) or a computer (failure) (Hadjeres et al. 2017; 
Highams and Olszewska 2023).

The rationale behind this approach to evaluation seems to be that music 
made by computers is inherently “bad” and music made by humans is “good.” 
This echoes a critical stance towards new technological inventions in musical 
practices that one can trace back several centuries. Pinch and Bijsterveld (2003) 
identified new music technologies dating back to the introduction of linked 
keys on the flute, to self-playing pianos and synthesizers, that were met—at least 
partly—with critical comments from contemporaries; that they were devoid of 
soul, artless and had an inhuman clearness and precision, for instance.

The history of music technology has nevertheless shown that many new 
inventions have been well received and adopted by music practitioners, and 
that the features that would initially seem alienating or devoid of feeling have 
later been embraced for the same qualities. For instance, the first synthesizers 
were initially criticized for producing bad imitations of real instruments, while 
users instead embraced the instrumental timbres and playing techniques that 
were unique to synthesizers (Pinch and Bijsterveld 2003, 551). In the same 
way, music created with AI may have its own unique qualities that can be 
appreciated by listeners. Stephen Philips, one of the founders of the AI music 
startup Popgun envisioned that this could be a generational issue: “This next 
generation is probably going to adore AI music. We will hate it because we 
don’t get it, and they will love it because we hate it! So, it will become their 
thing” (Dredge 2017).

But evaluating the quality of music is of course more than love versus hate 
and good versus bad. There are so many musical parameters, fine details, and 
nuances that matter. What complicates these issues even more is that so much 
outside of music as a sound phenomenon will affect how we evaluate it. As 
Anne Danielsen (2016) has argued in a text about quality in music, very gen-
eral values that support quality evaluations among performers and listeners 
can differ across genres, so that something that is very important to one genre 
is of little significance for another: Whereas musical skills (“musicianship”) are 
very important in blues, the opposite is the case for indie music. For electron-
ica, for its part, instrumental skills are less central; what matters instead is the 

7	 The Turing test is named after the British mathematician and computer scientist Alan Turing 
and was devised to see if a machine could interact with a person through a textual interface and 
exhibit intelligent behavior indistinguishable from a human (Turing 1950).
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ability to find the right sounds and types of sound processing (Danielsen 2016). 
She furthermore argues that other values, such as originality and expressivity, 
also differ between these three genres.

With AI-generated music, however, it would make no sense to talk about 
musicianship, expressivity, or authenticity. Issues related to the personal lives 
of human artists would also have little meaning; which, at least for certain 
artists like Taylor Swift and George Michael, plays an important role for many 
dedicated fans when it comes to listening to and interpreting their songs. It 
seems, however, that parts of the music industry want to create surrogates: 
Today, there are AI tools that can create music videos, Instagram posts, music 
tracks and vocals for virtual artists—often crafted by big music and media 
industry actors—and these have had some success, especially in countries like 
Japan and Korea (Tencer 2023).8 This makes it possible, in principle, to create 
virtual lives that can be related to the respective songs published and marketed 
in this way. However, this opens up a discussion about political, ethical, and 
aesthetic aspects that goes beyond the scope of this chapter.

Creator Bias and Sense of Achievement
While evaluation can clearly be affected by our knowledge of whether the 
music was created by AI or a human creator, listening to music that we have 
generated ourselves may present a special case. At least, this is something that 
discussions on the Reddit r/SunoAI forum suggest, and that one user refers to 
as “creator bias”:

I’d rather listen to my own music on repeat 100 times than some of my old 
favorite bands. It’s why I absolutely do not trust if I made a good song or not it’s 
so difficult the creator bias is INSANE!!!. (Artforartsake99 2024)

Several similar posts seem to indicate that the act of generating songs appears 
to entail positive emotions, perhaps a kind of pride. From the other comments 
on the same thread, it seems that part of the attraction also lies in the ability 
to personalize the generated tracks, for example, by making lyrics about topics 
that interest users personally like dragons, Dante’s Divine Comedy or Greek 
mythology, or to fit very specific tastes in music. Thus, generating music with 

8	 At the time of writing, Suno has a feature called Personas, available only to paying subscribers, 
that supports the creation of virtual artists, at least in the form of a consistent voice and musical 
style for several songs (see Team Suno 2024b).
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AI services like Suno or Udio offers a high degree of personalization and tai-
loring according to highly specific factors that might be difficult to find in 
music on conventional streaming platforms. As one user reports:

Much of my favorite kind of music has died off or changed. With Suno, I can 
revive my favorite sounds, and it’s so amazing to hear lyrics or songs that were a 
hit from my youth or recreated in a different genre reborn. (dreamstorm84 2024)

One may also observe that both Suno and Udio have adopted several features 
from music streaming services and social media like following other users, shar-
ing and liking songs, counting number of plays, searching for songs and creating 
playlists. While this is perhaps not very interesting in itself, having created a song 
that is liked, shared, or played many times by others does create an implication 
that a song has qualities, thereby giving the user responsible a sense of achieve-
ment. The fact that several users present their songs on other platforms like 
Spotify, YouTube and Apple Music, often naming themselves as creators instead 
of the platform they used to generate the song, seems to indicate something sim-
ilar. For example, Feline Music, a Suno user, has a YouTube channel featuring over 
three hundred videos at the time of writing, and has released two full albums on 
Spotify with songs that all have what is probably the real name of the user credited 
as “song creator.”9 Moreover, after having spent many hours creating songs with 
Udio myself, I can relate to this feeling of achievement when I have generated a 
song that I like. Thus, even if typing in a few words and clicking some buttons 
perhaps does not seem like an activity that should engender either admiration or 
a sense of achievement, there can still be some element of achievement—maybe 
similar in some ways to the act of art curation, where selecting, organizing and 
presenting a work of art is a prized skill. Here, seeking out, selecting, organizing 
and displaying music tracks becomes the skill that matters.

Ethics and Copyright
The availability of AI-based systems that can generate content on the basis of 
large databases of other people’s artistic or cultural expressions has generated 
considerable debate and controversy regarding ethical and copyright issues 
(Koch and Ruvenal 2023). While some generative AI models are based on 

9	 As mentioned, Suno released the “Personas” feature in late 2024 (see Team Suno 2024b), ena-
bling the user to associate several songs with the same lead singer and style of music.
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publicly available datasets with licenses that allow downloading and sharing, 
other models may be based on data collected by big tech companies delivering 
social media platforms or file storage/sharing services, and some may be based 
on data downloaded from the internet by automated processes, often referred 
to as “scraping” or “crawling.”10 As for the latter, Suno has openly admitted that 
their models are trained on “tens of millions of recordings” they have found on 
the internet (Shulman 2024).

On one side of the controversy, artists, copyright holders, and their rep-
resentatives claim that big AI companies have stolen their work from the 
internet, and that they therefore should have been asked for permission and 
compensated for any use. While on the other side, the AI companies claim 
that using media content from the internet should be considered “fair use,” 
and therefore that they should not have to pay copyright holders. Not surpris-
ingly, this controversy has resulted in a number of lawsuits against several AI 
companies for using copyrighted media content like music, images, and text 
to train generative AI models without permission.11 As for music, three of the 
largest record labels in the world, Sony Music, Universal Music and Warner 
Music Group, made headlines when they sued Udio and Suno in June 2024 
for copyright infringement (see, for example, Sherman 2024 or Carras 2024). 
Central to the argument of the plaintiffs is that the commercial purpose of the 
AI products undermines existing and potential sales and therefore directly 
infringes on the market of the original music (Berger 2024). Moreover, they 
have demonstrated with transcriptions of musical scores how Suno and Udio 
might create pieces of music that are not only “vaguely derived” from but cop-
ied from the original music recordings. Udio, on the other hand, has claimed 
in a statement on their website that they are “completely uninterested in 
reproducing content in our training set, and in fact, have implemented and 
continue to refine state-of-the-art filters to ensure our model does not repro-
duce copyrighted works or artists’ voices” and that instead, what their models 
learn is an “understanding of musical ideas” made up of basic building blocks 
“owned by no one” (Udio Team 2024). The result of the lawsuit will probably 
create a precedent that will have significant repercussions for both music cre-
ators and AI music businesses.

10	 Examples of the former are Google and Meta, which harvest data from their own products such 
as Google Photo and Facebook to train image recognition systems.

11	 See “AI Copyright Lawsuits in the US”, provided by Wired, for an overview of copyright lawsuits 
against AI companies over copyright in the US.
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The fact that music creators are worried about the current situation became 
evident in April 2024, when a coalition of about two hundred named art-
ists and songwriters including Nicki Minaj, Imagine Dragons, Sigrid and 
Katy Perry composed an open letter to AI developers, technology companies, 
and digital music services to make them stop using AI to “infringe upon and 
devalue the rights of human artists” (Artist Rights Alliance 2024). The letter 
contended that AI-powered service providers aim to replace human-made 
music and that this will ultimately threaten the livelihoods of musicians and 
music creators. The fact that this might actually happen was demonstrated 
when 850 radio DJs and producers lost their jobs with iHeartRadio in 2020 
following restructuring and investment in AI technology (Clancy 2021, 
148). Moreover, within academia there have also been concerns about how 
AI-generated music is replacing human compositions in applications where 
music already takes a background role, such as in restaurants (Lin and Chen 
2024), advertising, corporate videos, and computer games (Intel AI 2019). 
This negative development may continue in the future, according to Tono, 
the association for music copyright holders in Norway, which has estimated 
that AI may reduce music creators’ income by 24% by 2028 (Martinsen 2024). 
Additionally, music streaming providers are known to have started creating 
their own musical content with AI. Since streaming providers can easily pro-
mote AI-generated tracks on their own curated playlists, those providers can 
increase their revenue; whereas music creators might miss out on income 
(Clancy 2021, 336).

There can also be positive sides to this, according to Epstein and colleagues 
(2023), who note how AI might increase productivity for some music cre-
ators. They further speculate that although AI may threaten some occupations 
within the music ecosystem, it may also create new ones, even if the authors 
are not specific on that point. Although it may be too early as yet to draw any 
conclusions about the impact of AI on musicians’ livelihoods, the outcome of 
the lawsuits referred to will probably determine whether services like Udio and 
Suno will continue to make it economically attractive for producers to generate 
music with AI for media content like YouTube, Twitch, podcasts and the like.12

An additional ethical issue regarding music made with AI is particularly 
relevant in the current situation in which AI-generated music is approaching 

12	 According to a survey conducted by Mubert—an AI music service provider—and published on 
their blog, 62% of AI-generated music is intended for YouTube (see Mubert Team 2023). 
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streaming quality: Should listeners always be informed about its true origin? 
Driving in my car on the way home one day just before Christmas, I was listen-
ing to the radio when a song about camels by Serkan Kahveci was announced 
(NRK Radio 2024). When the song started playing, I was surprised to hear the 
gritty sound quality of what clearly seemed to me to be music made with AI. 
In a sense, I felt deceived by the radio station that had initially given me the 
impression that this was created by a human music artist, which in turn made 
me unsure of the critical sense of the journalist or producer who had chosen 
that piece of music. In short, my trust in the radio station was questioned.

My experience highlights the issue of “trustworthy AI”, which was 
already addressed by the EU Commission in 2019 when formulating their 
Ethics guidelines for trustworthy AI (High-Level Expert Group on AI 2019). 
Although questions about trustworthy AI are probably more acute for 
AI-generated text, images and videos, which can be designed to appear as 
real and, in a worst-case scenario, be designed to mislead, issues of trust 
are also relevant in music (Hazzard et al. 2024; Moura and Maw 2021). 
Music listening often involves an empathetic and embodied stance where 
we might experience engagement and involvement with the artist or musi-
cian. When the listener knows that the artist, and perhaps especially the 
voice, is AI-generated, this might disrupt such engagement: As Moura and 
Maw (2021, 144) note, a “lack of information regarding the use of AI during 
the composition process may affect the trust relationship between listener 
and producer, artist or label.” The way forward in this situation might be an 
ethical “marking system” for AI, as suggested by Clancy (2021, 337), where 
the listener is given information about the true origin of the music, and 
therefore may not feel deceived or tricked.

Conclusions
From the development of music generated with algorithms all the way from 
Hiller and Isaacson’s Illiac Suite to today’s state-of-the-art AI tools such as Suno 
and Udio, it is evident that the technologies, the ways in which users interact 
with them, and the musical output generated by them has changed a lot. It is 
unquestionable that commercial web-based services like Suno and Udio have 
greatly simplified how users can generate music with AI models, thereby low-
ering the bar so that “anyone” can produce music. Even if this chapter has 
argued how several critical points can be made with regard to the generation 
of AI music or the services that provide this, such as representativity, bias, 
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ethics, and copyright, one can also observe how users may experience positive 
effects such as “creator bias” and a sense of achievement with regard to their 
own creations. The spread of generative AI music into the public sphere may be 
related to a more general tendency toward “democratization” in music-mak-
ing, which has been heralded in academia by writers like Jacques Attali (1985) 
as well as tech gurus like Steve Jobs (Clancy 2021, 94). Although it is likely that 
AI will have a major impact on music in the coming years, with probably even 
greater economic, ethical, aesthetic and creative impact, the cultural tendency 
towards counterreactions may also lead to a situation in which people will 
instead seek the opposite of what AI has to offer: acoustic music, played live 
and by real people.

Works Cited
“AI Copyright Lawsuits in the US.” n.d. Accessed March 09, 2026. https://flo.uri.sh/visualisation/ 

20825192/embed.
Artforartsake99. 2024. “I’d Rather Listen to My Own Music on Repeat 100 Times Than Some 

of My Old Favorite Bands.” Reddit, December 4, 2024. https://www.reddit.com/r/SunoAI/
comments/1h664n9/comment/m0biurj/.

Artist Rights Alliance. 2024. “200+ Artists Urge Tech Platforms: Stop Devaluing Music.” Artist 
Rights Alliance, April 1, 2024. https://artistrightsnow.medium.com/200-artists-urge-tech- 
platforms-stop-devaluing-music-559fb109bbac.

Attali, Jacques. 1985. Noise: The Political Economy of Music. Minneapolis: University of 
Minnesota Press.

Avdeeff, Melissa. 2018. “Ai’s First Pop Album Ushers in a New Musical Era.” The  
Conversation, October 3, 2018. https://theconversation.com/ais-first-pop-album-ushers-in- 
a-new-musical-era-100876.

Berger, Virginie. 2024. “Why Major Labels Are Suing AI Music Startups Udio and Suno for 
Mass Copyright Infringement.” Forbes, June 27, 2024. https://www.forbes.com/sites/vir-
ginieberger/2024/06/27/why-major-labels-are-suing-ai-music-startups-udio-and-suno-for-
mass-copyright-infringement.

Bergsland, Andreas. 2024. “Some Experiences of AI-based Tools for Audio and Music.” Andreas 
Bergsland: Personal Home Page, April 22, 2024. https://andbe.folk.ntnu.no/2024/04/22/ai- 
tools-overview.

Briot, Jean-Pierre and François Pachet. 2018. “Music Generation by Deep Learning-
Challenges and Directions.” Preprint, arXiv, September 30, 2018. https://doi.org/10.48550/
arXiv.1712.04371.

Bergsland | Humanities Perspectives on AI

https://flo.uri.sh/visualisation/20825192/embed
https://flo.uri.sh/visualisation/20825192/embed
https://www.reddit.com/r/SunoAI/comments/1h664n9/comment/m0biurj/
https://www.reddit.com/r/SunoAI/comments/1h664n9/comment/m0biurj/
https://artistrightsnow.medium.com/200-artists-urge-tech-platforms-stop-devaluing-music-559fb109bbac
https://artistrightsnow.medium.com/200-artists-urge-tech-platforms-stop-devaluing-music-559fb109bbac
https://theconversation.com/ais-first-pop-album-ushers-in-a-new-musical-era-100876
https://theconversation.com/ais-first-pop-album-ushers-in-a-new-musical-era-100876
https://www.forbes.com/sites/virginieberger/2024/06/27/why-major-labels-are-suing-ai-music-startups-udio-and-suno-for-mass-copyright-infringement
https://www.forbes.com/sites/virginieberger/2024/06/27/why-major-labels-are-suing-ai-music-startups-udio-and-suno-for-mass-copyright-infringement
https://www.forbes.com/sites/virginieberger/2024/06/27/why-major-labels-are-suing-ai-music-startups-udio-and-suno-for-mass-copyright-infringement
https://andbe.folk.ntnu.no/2024/04/22/ai-tools-overview
https://andbe.folk.ntnu.no/2024/04/22/ai-tools-overview
https://doi.org/10.48550/arXiv.1712.04371
https://doi.org/10.48550/arXiv.1712.04371


9. AI and Music Generation 217

Carras, Christi. 2024. “Major Record Labels Sue AI Companies for Allegedly Stealing Copyrighted 
Music.” Los Angeles Times, June 26, 2024. https://www.latimes.com/entertainment-arts/business/
story/2024-06-24/riaa-suno-udio-lawsuit-ai-copyright-songs-music.

Clancy, Martin. 2021. Reflections on the Financial and Ethical Implications of Music 
Generated by Artificial Intelligence. PhD Thesis, Trinity College. https://www.tara.tcd.ie/
items/7e1e0547-f981-4186-ad16-a5f41114f90a.

Danielsen, Anne. 2016. “Nyskapende, Sterkt Og Kompetent! Kvalitetsforståelser i musikkfeltet i 
lys av tre populærmusikalske sjangre.” In Kvalitetsforståelser: Kvalitetsbegrepet i samtidens kunst 
og kultur, edited by Knut Ove Eliassen and Øyvind Prytz, 104–119. Oslo: Norsk Kulturråd.

Deruty, Emmanuel, Maarten Grachten, Stefan Lattner, Javier Nistal, and Cyran Aouameur. 
2022. “On the Development and Practice of AI Technology for Contemporary Popular Music 
Production.” Transactions of the International Society for Music Information Retrieval 5 (1): 
35–49. https://doi.org/10.5334/tismir.100.

dreamstorm84. 2024. “I Have Completely Converted to Listening to My Own Songs. I Make 
Music That I Would Like to Listen To.” Reddit, December 4, 2024. https://www.reddit.com/r/
SunoAI/comments/1h664n9/comment/m0eq86o/.

Dredge, Stuart. 2017. “Playing Next Door to Alice: Popgun Reveals Its Music AI.” Music Ally, 
June 30, 2017, https://musically.com/2017/06/30/playing-alice-popgun-music-ai/.

Epstein, Ziv, Aaron Hertzmann, and The Investigators of Human Creativity. 2023. “Art and the 
Science of Generative AI.” Science 380 (6650): 1110–1111. https://doi.org/10.1126/science.
adh4451.

Forero, Jorge, Gilberto Bernardes, and Mónica Mendes. 2023. “Are Words Enough? On the 
Semantic Conditioning of Affective Music Generation.” Preprint, arXiv, November 7, 2023. 
https://arxiv.org/abs/2311.03624.

Hadjeres, Gaëtan, François Pachet, and Frank Nielsen. 2017. “Deepbach: A Steerable Model 
for Bach Chorales Generation.” Proceedings of the 34th International Conference on Machine 
Learning, PMLR 70:1362–1371, Sydney, Australia, 6–11 August. https://proceedings.mlr.
press/v70/hadjeres17a.html.

Hazzard, Adrian, Craig Vear, and Solomiya Moroz. 2024. “Towards a Hierarchy of Trust in 
Human-AI Music-Making.” GenAICHI: CHI 2024 Workshop on Generative AI and HCI. 
https://generativeaiandhci.github.io/papers/2024/genaichi2024_28.pdf.

Hiatt, Brian. 2024a. “AI-Music Arms Race: Meet Udio, the Other ChatGPT for Music.” Rolling 
Stone, April 10, 2024. https://www.rollingstone.com/music/music-features/udio-ai-music- 
chatgpt-suno-1235001675.

Hiatt, Brian. 2024b. “A ChatGPT for Music Is Here: Inside Suno, the Startup Changing Everything.” 
Rolling Stone, March 17, 2024. https://www.rollingstone.com/music/music-features/suno-ai- 
chatgpt-for-music-1234982307.

https://www.latimes.com/entertainment-arts/business/story/2024-06-24/riaa-suno-udio-lawsuit-ai-copyright-songs-music
https://www.latimes.com/entertainment-arts/business/story/2024-06-24/riaa-suno-udio-lawsuit-ai-copyright-songs-music
https://www.tara.tcd.ie/items/7e1e0547-f981-4186-ad16-a5f41114f90a
https://www.tara.tcd.ie/items/7e1e0547-f981-4186-ad16-a5f41114f90a
https://doi.org/10.5334/tismir.100
https://www.reddit.com/r/SunoAI/comments/1h664n9/comment/m0eq86o/
https://www.reddit.com/r/SunoAI/comments/1h664n9/comment/m0eq86o/
https://musically.com/2017/06/30/playing-alice-popgun-music-ai/
https://doi.org/10.1126/science.adh4451
https://doi.org/10.1126/science.adh4451
https://arxiv.org/abs/2311.03624
https://proceedings.mlr.press/v70/hadjeres17a.html
https://proceedings.mlr.press/v70/hadjeres17a.html
https://generativeaiandhci.github.io/papers/2024/genaichi2024_28.pdf
https://www.rollingstone.com/music/music-features/udio-ai-music-chatgpt-suno-1235001675
https://www.rollingstone.com/music/music-features/udio-ai-music-chatgpt-suno-1235001675
https://www.rollingstone.com/music/music-features/suno-ai-chatgpt-for-music-1234982307
https://www.rollingstone.com/music/music-features/suno-ai-chatgpt-for-music-1234982307


218

High-Level Expert Group on AI. 2019. “Ethics Guidelines for Trustworthy AI.” European 
Commission, April 8, 2019. https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines- 
trustworthy-ai.

Highams, L. and J.I. Olszewska. 2023. “Markov-Chain-Based Musical Creative Intelligent 
Agent Passing Successfully the Turing Test.” 2023 IEEE 27th International Conference on 
Intelligent Engineering Systems (INES), Nairobi, Kenya, 26–28 July. https://doi.org/10.1109/
INES59282.2023.10297645.

Intel AI. 2019. “Can AI Crack the Code for Creativity?” Forbes, June 6, 2019. https://www.forbes.
com/sites/insights-intelai/2019/05/22/can-ai-crack-the-code-for-creativity.

Ji, Shulei, Xinyu Yang, and Jing Luo. 2023. “A Survey on Deep Learning for Symbolic Music 
Generation: Representations, Algorithms, Evaluations, and Challenges.” ACM Comput. Surv. 
56 (1): 1–39. https://doi.org/10.1145/3597493.

Johnson, Colin, Nereida Rodríguez-Fernández, and Sérgio M. Rebelo, eds. 2023. Artificial Intelli-
gence in Music, Sound, Art and Design: Lecture Notes in Computer Science. Cham: Springer.

Koch, Tommaso and Caio Ruvenal. 2023. “Artificial Intelligence Clashes with Copyright: 
Is It Stealing Thousands of Protected Creations?” El País English, November 6, 2023. 
https://english.elpais.com/culture/2023-11-06/artificial-intelligence-clashes-with-copy-
right-is-it-stealing-thousands-of-protected-creations.html.

Lin, Tsen-Fang and Liang-Bi Chen. 2024. “Harmony and Algorithm: Exploring the 
Advancements and Impacts of AI-Generated Music.” IEEE Potentials 43 (6): 23–30. https://
doi.org/10.1109/MPOT.2024.3433888.

Magnusson, Thor. 2019. Sonic Writing: Technologies of Material, Symbolic, and Signal Inscriptions. 
New York: Bloomsbury.

Marshall, Alex. 2018. “Is This the World’s First Good Robot Album?” BBC, January 12, 2018. 
https://www.bbc.com/culture/article/20180112-is-this-the-worlds-first-good-robot-album.

Martinsen, Willy. 2024. “KI Kan Kutte Musikkskaperes Inntekter Med 24 Prosent Innen 2028.” 
Tononytt.Tono, December 4, 2024. https://www.tono.no/ki-kan-kutte-musikkskaperes- 
inntekter-med-24-prosent-innen-2028.

Mehta, Atharva, Shivam Chauhan, and Monojit Choudhury. 2024. “Missing Melodies: AI 
Music Generation and Its ‘Nearly’ Complete Omission of the Global South.” Preprint, arXiv, 
December 5, 2024. https://doi.org/10.48550/arXiv.2412.04100.

Miranda, Eduardo Reck. 2021. Handbook of Artificial Intelligence for Music. Cham: Springer.
Moura, Francisco Tigre and Charlotte Maw. 2021. “Artificial Intelligence became Beethoven: 

How Do Listeners and Music Professionals Perceive Artificially Composed Music?” Journal 
of Consumer Marketing 38 (2): 137–146. https://doi.org/10.1108/JCM-02-2020-3671.

Mubert Team. 2023. “A Remarkably In-depth Study of AI Music: Creators, Composers, Adopters.” 
Mubert Blog, January 2, 2023. https://mubert.com/blog/an-in-depth-study-into-ai-music- 
its-creators-composers-and-adopters.

Bergsland | Humanities Perspectives on AI

https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://doi.org/10.1109/INES59282.2023.10297645
https://doi.org/10.1109/INES59282.2023.10297645
https://www.forbes.com/sites/insights-intelai/2019/05/22/can-ai-crack-the-code-for-creativity
https://www.forbes.com/sites/insights-intelai/2019/05/22/can-ai-crack-the-code-for-creativity
https://doi.org/10.1145/3597493
https://english.elpais.com/culture/2023-11-06/artificial-intelligence-clashes-with-copyright-is-it-stealing-thousands-of-protected-creations.html
https://english.elpais.com/culture/2023-11-06/artificial-intelligence-clashes-with-copyright-is-it-stealing-thousands-of-protected-creations.html
https://doi.org/10.1109/MPOT.2024.3433888
https://doi.org/10.1109/MPOT.2024.3433888
https://www.bbc.com/culture/article/20180112-is-this-the-worlds-first-good-robot-album
https://www.tono.no/ki-kan-kutte-musikkskaperes-inntekter-med-24-prosent-innen-2028
https://www.tono.no/ki-kan-kutte-musikkskaperes-inntekter-med-24-prosent-innen-2028
https://doi.org/10.48550/arXiv.2412.04100
https://doi.org/10.1108/JCM-02-2020-3671
https://mubert.com/blog/an-in-depth-study-into-ai-music-its-creators-composers-and-adopters
https://mubert.com/blog/an-in-depth-study-into-ai-music-its-creators-composers-and-adopters


9. AI and Music Generation 219

NRK Radio. 2024. “Året då woke døydde.” NRK Kompass, December 19, 2024. https://radio.nrk.
no/serie/kompass/sesong/202412/DMTL36415824.

Peeters, Geoffroy and Gaël Richard. 2021. “Deep Learning for Audio and Music.” In Multi-
Faceted Deep Learning: Models and Data, edited by Jenny Benois-Pinot and Akka Zemmari, 
231–266. Cham: Springer Nature.

Pinch, Trevor J. and Karin Bijsterveld. 2003. “‘Should One Applaud?’: Breaches and Boundaries 
in the Reception of New Technology in Music.” Technology and Culture 44 (3): 536–559. 
http://www.jstor.org/stable/25148160.

Shang, Mingli. 2019. “The Application of Artificial Intelligence in Music Education.” In Intelligent 
Computing Theories and Application. ICIC 2019. Lecture Notes in Computer Science 11644, 
edited by De-Shuang Huang, Kang-Hyun Jo, and Zhi-Kai Huang, 662–668. Springer: Cham. 
https://doi.org/10.1007/978-3-030-26969-2_62.

Sherman, Natalie. 2024. “World’s Biggest Music Labels Sue over AI Copyright.” BBC, June 25, 
2024. https://www.bbc.com/news/articles/ckrrr8yelzvo.

Shulman, Mikey. 2024. “The Future of Music: An Update on the Recent Legal Action from the 
Riaa and What Is at Stake.” Suno Blog, August 1, 2024. https://suno.com/blog/future-of-music.

Simpson, Will. 2024. “The First Ever AI-Generated Track to Hit the Charts Has Landed in 
Germany, and People Aren’t Happy.” Music Radar, August 16, 2024. https://www.musicradar.
com/news/first-ever-ai-chart-germany.

Solak, Ahmet, Florian Grötschla, Luca A. Lanzendörfer, and Roger Wattenhofer. 2024. 
“Benchmarking Music Generation Models and Metrics Via Human Preference Studies.” 
Audio Imagination: NeurIPS 2024 Workshop AI-Driven Speech, Music, and Sound Generation. 
OpenReview. https://doi.org/10.3929/ethz-b-000715180.

Steels, Luc. 2021. “Foreword: From Audio Signals to Musical Meaning.” In Handbook of Artificial 
Intelligence for Music, edited by Eduardo Miranda, v–xviii. Cham: Springer Nature.

Team Suno. 2024a. “Introducing v4.” Suno Blog, November 19, 2024. https://suno.com/blog/v4.
Team Suno. 2024b. “What are Personas?” Suno Blog, 2024. https://help.suno.com/en/articles/ 

3484161.
Tencer, Daniel. 2023. “Meet the Virtual Artists Backed by Some of the World’s Biggest 

Entertainment Companies.” Music Business Worldwide, May 22, 2023. https://www.music-
businessworldwide.com/meet-the-virtual-artists-backed-by-some-of-the-worlds-biggest-
entertainment-companies1.

Turing, Alan M. 1950. “I.—Computing Machinery and Intelligence.” Mind LIX 236: 433–460. 
https://doi.org/10.1093/mind/LIX.236.433.

Udio Team. 2024a. “AI and the Future of Music.” Udio Blog. July 23, 2024. https://www.udio.
com/blog/ai-and-the-future-of-music.

Udio Team. 2024b. “Introducing v1.5.” Udio Blog, July 23, 2024. https://www.udio.com/blog/
introducing-v1-5.

https://radio.nrk.no/serie/kompass/sesong/202412/DMTL36415824
https://radio.nrk.no/serie/kompass/sesong/202412/DMTL36415824
http://www.jstor.org/stable/25148160
https://doi.org/10.1007/978-3-030-26969-2_62
https://www.bbc.com/news/articles/ckrrr8yelzvo
https://suno.com/blog/future-of-music
https://www.musicradar.com/news/first-ever-ai-chart-germany
https://www.musicradar.com/news/first-ever-ai-chart-germany
https://doi.org/10.3929/ethz-b-000715180
https://suno.com/blog/v4
https://help.suno.com/en/articles/3484161
https://help.suno.com/en/articles/3484161
https://www.musicbusinessworldwide.com/meet-the-virtual-artists-backed-by-some-of-the-worlds-biggest-entertainment-companies1
https://www.musicbusinessworldwide.com/meet-the-virtual-artists-backed-by-some-of-the-worlds-biggest-entertainment-companies1
https://www.musicbusinessworldwide.com/meet-the-virtual-artists-backed-by-some-of-the-worlds-biggest-entertainment-companies1
https://doi.org/10.1093/mind/LIX.236.433
https://www.udio.com/blog/ai-and-the-future-of-music
https://www.udio.com/blog/ai-and-the-future-of-music
https://www.udio.com/blog/introducing-v1-5
https://www.udio.com/blog/introducing-v1-5


220

Wiggers, Kyle. 2023. ”Microsoft Copilot Gets a Music Creation Feature via Suno Integration.” 
TechCrunch, December 19, 2023. https://techcrunch.com/2023/12/19/microsoft-copilot-gets- 
a-music-creation-feature-via-suno-integration/.

Xiong, Zeyu, Weitao Wang, Jing Yu, Yue Lin, and Ziyan Wang. 2023. “A Comprehensive Survey 
for Evaluation Methodologies of AI-Generated Music.” Preprint, arXiv, August 26, 2023. 
https://doi.org/10.51191/issn.2637-1898.2019.2.2.100.

Yang, Li-Chia and Alexander Lerch. 2020. “On the Evaluation of Generative Models in 
Music.” Neural Computing and Applications 32 (9): 4773–4784. https://doi.org/10.1007/
s00521-018-3849-7.

Zulić, Harun. 2019. “How AI Can Change/Improve/Influence Music Composition, Performance 
and Education: Three Case Studies.” INSAM Journal of Contemporary Music, Art and 
Technology 1 (2): 100–114. https://doi.org/10.51191/issn.2637-1898.2019.2.2.100. 

Bergsland | Humanities Perspectives on AI

https://techcrunch.com/2023/12/19/microsoft-copilot-gets-a-music-creation-feature-via-suno-integration/
https://techcrunch.com/2023/12/19/microsoft-copilot-gets-a-music-creation-feature-via-suno-integration/
https://doi.org/10.51191/issn.2637-1898.2019.2.2.100
https://doi.org/10.1007/s00521-018-3849-7
https://doi.org/10.1007/s00521-018-3849-7
https://doi.org/10.51191/issn.2637-1898.2019.2.2.100


Wilde, Lukas R.A., Miriam Kyselo, Thomas Brandt, Guri Hanem, and Roger A. Søraa, eds. 2026. Humanities Perspectives on AI: 
An Interdisciplinary Introduction. Scandinavian University Press. https://doi.org/10.18261/9788294167234-26-10
Open access | © The author(s) 2026. This work is licensed under CC BY 4.0. To view a copy of this license, visit 
https://creativecommons.org/licenses/by/4.0/.

10. Understanding Literature in 
the Age of AI
Carolin Führer

Abstract: This chapter addresses the inroads made by AI into aesthetic and cre-
ative fields, previously regarded as a genuinely human domain. The author asks 
how we can create, read, and judge literary texts in the context of LLM use, explor-
ing first how AI challenges traditional ideas of authorship, originality, and aesthetic 
value in literature, then how AI changes literary reception and interpretation in gen-
eral, and finally how AI influences aesthetic judgement and creativity more broadly. 
The chapter concludes by calling for new forms of critical AI literacy specific to the 
literary domain, and for a rethinking of aesthetic communities capable of resisting 
the standardizing pressures of algorithmically driven literary culture.

Keywords: AI literacy, authorship, co-creativity, literary reading, synthetic 

literature

After Japanese author Rie Kudan won one of the country’s most prestigious 
literary awards, she admitted she’d received help from an unusual source—
ChatGPT. […] The author then confirmed at a press conference that around 5% 
of her book ‘The Tokyo Tower of Sympathy’—which was lauded by committee 
members as ‘practically flawless’—was word-for-word generated by AI. (Choi 
and Annio 2024)

Following this, a worldwide discussion ensued, touching upon a central con-
cern in the question of AI and literary writing: whether AI-generated narra-
tive texts threaten the originality and uniqueness of human creativity (Catani 
2024). The creation of literary texts with the help of a machine that can imi-
tate virtually all voices and patterns prevalent in the canonical world of lit-
erature substantially influences literary production. Literary texts are based 
upon the interplay and composition of semantic (i.e., content-related) and 
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formal structures. These were, for the longest time, generated and under-
stood on the basis of a physical anchoring to the perceptions, feelings, and 
actions of (writing and reading) human agents. Since the emotional and cog-
nitive evaluation of such subject matter is, in general, grounded in human 
literary reception (Magirius and Führer 2023), the inclusion of AI in liter-
ature raises far-reaching questions, not only from the point of view of the 
authenticity of human experience. By reducing language to quantifiable units, 
Large Language Models (LLMs) replace the critical power of language with 
the numerical principle and—in terms of fine-tuning—(moral) normativ-
ism. Thus, the interweaving of literary reception and production in the age 
of AI also concerns knowledge management and ethical questions. From an 
epistemological perspective, the fundamentals of literary reception lie in the 
ambiguity of language, and in the diversity of viewpoints on life and culture as 
models of reality, in general (Vendrell Ferran 2018, 2023). On the one hand, 
the variety of language and the diversity of knowledge and perspectives have 
traditionally demanded in-depth reading and hermeneutic understanding of 
the cultural, historical, and personal backgrounds that give a text its meaning. 
On the other hand, generated texts seem to require only superficial reading 
due to the inherent nature of LLMs. Comprehending the outputs of LLMs as 
“meaningful”—as if they were coherent discourses or human “voices”—can 
be criticized since LLMs have no consciousness, no intentionality. Their texts 
are generated from probability calculations. Attributing meaning is therefore 
a human projection that is not an inherent property of texts produced by any 
such model. The danger here is in reinforcing the anthropomorphization of 
AI by regarding LLM-generated texts in (excessively) human terms and con-
cepts. But texts generated by LLMs cannot simply be dismissed as “texts writ-
ten by machines,” either; rather, they represent a new type of text that reveals 
patterns of a neoliberal cultural system. The heart of AI’s impact on literature, 
however, lies in questions of aesthetic theory and practice as consequences 
of the fundamental challenge to our conventional understanding of author-
ship. Traditional literary ethics have long been grounded in assuming human 
intentions behind creative works. If we accept AI as a creative collaborator 
or a medium, we must grapple with questions of intellectual property, copy-
right ownership, and (the absence of) fair compensation for human creators 
on whose works these systems are trained (Caldwell 2023). It is, of course, 
impossible in the scope of a short chapter to provide a complete overview of 
research into relevant literary developments or a comprehensive history of 
literary writing with the involvement of machines.
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The focus of this introduction to AI and literature is thus instead on how we 
can read and judge literary texts in the context of AI use. Firstly, ultimately no 
one knows what constitutes “good” literature; secondly, the statistical regime of 
AI is increasingly influencing literary reception. The first section thus explores, 
quite broadly, how AI challenges traditional ideas of authorship, the idea of 
what constitutes a work, originality, and aesthetic value in literature. It argues 
that while LLMs can mimic human writing seamlessly, they lack intentionality 
and consciousness, which raises important questions about authenticity, own-
ership, cultural conformity, and moral discourse. Concepts like co-creativity, 
hybridity and emergence are thus proposed to capture these human–machine 
literary texts. In the second section, the focus is on how AI tools and LLMs 
are changing literary reception and interpretation in general. AI tools can act 
as reading partners, supporting comprehension, analysis, and interpretation, 
potentially making literature more accessible and inclusive. But dealing with 
literature has always involved not only cognitive “understanding” and ratio-
nal comprehension of a source text, but also psychological, embodied, emo-
tional, cultural, and moral factors. Therefore, AI may also diminish emotional 
depth, differences in cultural backgrounds, associated aesthetic engagements, 
and authentic perspective-taking, while reinforcing Western biases inherent in 
their training data (Lucy and Bamman 2021). Finally, the last section examines 
how AI influences aesthetic judgements and creativity more broadly. For exam-
ple, poetry is perceived by many as “good” and exciting when the new is not 
too unfamiliar and the familiar is not too predictable; for this reason, AI also 
has agency as a “kind of canny valley that forms the ideal of maximum com-
prehensibility” (Bajohr and Cotten 2025, 18; my translation). While AI may 
stimulate new ideas, it also runs the risk of homogenizing literary expressions 
and weakening responsibility for deep interpretation and ambiguity-sensitive 
thinking. Individual critical AI literacy is one—though not the only—answer 
to this complex situation; rather, we must also collectively rethink the forma-
tion of our literary communities and our aesthetic knowledge frames in society.

Literariness and Authorship in the Age of AI
Since the 18th century, restricting creativity and aesthetics to individual human 
authorship and linking them to concepts of artistic and epistemic freedom 
has been a powerful and influential aesthetic tradition in the Western world 
(Robert 2024). Aesthetic autonomy here refers to the autonomy of the artwork. 
This ideal has never been truly achieved in artistic practice since art always 
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exists in a social context. But what does it mean for the future assessment of 
literariness and aesthetics if the distinction between natural and artificial text 
becomes difficult to define (Gunser et al. 2021, 2022; Köbis and Mossink 2021), 
or even obsolete (Führer and Knapp, forthcoming; Porter and Machery 2024)? 
Automatic writing had already begun with the Surrealists and the potential 
literature of the Oulipo group and extended forward to Theo Lutz’s stochastic 
texts and Edwin Morgan’s computer poems. Max Bense, who was actually an 
early proponent of what was later called digital poetry, argued that author-
ship requires intentionality, which is not present in the case of simulated poetry 
(Bense 1998, 143; see also Bajohr 2024, 266). Back in the 1960s when he wrote 
this, the assumption of “computer authorship” was considered an inadmissible 
anthropomorphism, “which is based solely on ignorance of how it [the com-
puter] works” (Stickel 1966, 123; see also Bajohr 2024, 267). Even before the 
advent of language models, there was a tendency on the internet to deal with 
texts more as general ideas, rather than as individual expressions or personal 
attitudes of authentic persons. Nowadays, it can no longer be assumed that 
there actually is a person behind an idea, but the “standard expectation of lit-
erary texts to this day is [still] that they have authors in the sense of people who 
are willing to communicate” (Bajohr 2023a, 44; my translation).

In literary studies, the role of the author in literary communication has 
been subject to critical reflection since at least the mid-20th century, a devel-
opment famously epitomized by Roland Barthes’ 1967 essay “The Death of 
the Author” (Barthes [1967] 2000). Barthes argued that the reliance of tradi-
tional literary criticism on the author’s intentions, their biography, and their 
personal context (to explain the “ultimate meaning” of a text) is fundamen-
tally flawed. He contends that once a work is written, the author loses con-
trol over its meaning and interpretation. Barthes puts forward the hypothesis 
that the “birth of the reader” must hence be at the cost of the “death of the 
author.” He also argues that meaning emerges not from the author’s inten-
tions, but through the reader’s active interpretation and engagement with a 
text. The emergence of AI in the literary field, however, also fundamentally 
challenges traditional reader-response theories. These usually locate meaning 
in the dynamic interaction between text and reader. When AI systems partic-
ipate in the production of literature, they lack the subjective experiences, cul-
tural and historical backgrounds, and emotional responses that human writers 
bring to texts. Deconstructionists like Paul de Man (1971) could hardly have 
imagined a future that would take their theory, according to which all our 
ideas are essentially “text,” to such a literal extreme. LLMs can now be said 
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to define a new “pantextuality.” This kind of pantextuality flattens out all data 
into statistical information with no distinctions of social, cultural, and histor-
ical context. One problem here is that the training data produces an abstract 
(inauthentic), non-representative “average” from the aesthetic languages and 
styles of the past. Originality is difficult to achieve in such a culture of stan-
dardization rooted in a tradition of empirical positivism. Another problem 
is that data obscures the technical, economic, and social conditions of pro-
duction (training data, infrastructure, labor exploitation, political and moral 
fine-tuning standards, etc.; Crawford 2021). As a result, the focus shifts from 
questions of power in terms of authorship toward the sign systems of texts 
and their cultural implications. This seems to be close to older theories, where 
all meaning is entirely “immanent” within a text. Structuralist literary theory 
assumes that meaning in a text arises from underlying structures and relation-
ships between elements, not from the intentions of author or reader. Literature 
is viewed as a system of signs governed by universal rules, similar to language 
itself “below.” The goal of an analysis, then, is to uncover these deep structures 
that shape all narratives. The problem with this view is that we lose awareness 
of historical, religious, and cultural differences of aesthetic expressions in favor 
of an unreal cosmopolitanism that appears to be mathematically achievable 
(Simanowski 2025, 158).

We need to find a new, more appropriate vocabulary to describe such 
“machine authorships” and “authorless literature” (Simanowski 2023). Hannes 
Bajohr, for example, has investigated and distinguished different “forms of 
authorship” (Bajohr 2024, 271) with regard to how directly (or indirectly) a 
human being influences and controls the text results: In primary authorship, 
a human writes directly; on a secondary level, a human writes “a sequence of 
rules” (as in a pre-AI tool) that then writes the text; on a tertiary level, a human 
merely sets up a “self-learning” AI model and system that then generates new 
texts through probability patterns it can replicate; and finally, on a quaternary 
level, a human merely provides inputs (“prompts”) for a “black-boxed” sys-
tem of factory settings—AI seemingly does the rest (Bajohr 2024, 271–272). 
Contemporary literature in a culture of AI thus originates more and more 
from a hybrid network of humans, datasets, hardware, and software. Attempts 
are currently being made to establish new means of description for this, and 
new terms such as “generated literature” (Montfort and Heflin 2024), “entan-
gled authorship” (Sergi 2024) or “synthetic literature” (Piorecký and Husárová 
2024) can be found in literary studies. Karel Piorecký and Zuzana Husárová 
critically reflect on the role of AI in a changing world:
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From our perspective, AI is not changing the world order or the “order” of 
art and literature—it initiates or accelerates partial changes that in fact are not 
marginal […], but neither does it deviate from the paradigm of digital culture 
that has now been established for decades and so does not constitute a revolu-
tionary change. (Piorecký and Husárová 2024, 1)

Even if we speak less of “originality” and more of a form of emergence (Krakauer 
et al. 2025) in referring to AI aesthetics, this still raises various questions—for 
instance, who owns the resulting texts? And, last but not least, what about 
political writing activists? Amanda Gorman, Ljudmila Jewgenjewna Ulizkaja, 
or Rupi Kaur have had a global impact on political discourses (on [German] 
traditions of literary activism, see Çakir 2024). The susceptibility of AI to bias 
and its control by powerful companies that train and regulate models may allow 
manipulation of literary activist messages through algorithmic censorship, 
shadow-banning, or deliberate flooding of discourse with inauthentic or mis-
leading content. This risks the disempowerment and fragmentation of poetry 
activist networks. Forms of artistic activism could of course also benefit from 
AI in the future: Projects such as Bot Poets (e.g. DeepDrumpf, Pentametron, 
Everyword 2007–2014) or AI Writing Collectives (e.g. Botnik Studios, 0x0, 
The Uncreative Writing Community) demonstrate how algorithmic co-creativ-
ity can be used as a tool for empowerment. AI-based, distributed authorship 
reveals how language and meaning are always relational, socially constructed, 
and technologically mediated.

Reading and Interpreting Literature with AI
The comprehension of literary texts takes place through feelings as well as 
through the physical and action-related experiences of human authors and 
their readers (Barsalou 1999; 2008; Fischer and Zwaan 2008; Glenberg 2011; 
Lakoff and Johnson 1980; 1999; Scherer and Wallbott 1994). For example, 
in Lawrence W. Barsalou’s conception of the cognitive system as a “percep-
tual symbol system,” conceptual mental representations gain their semantic 
“grounding” only through the actual perceptual experiences associated with 
them. This “grounding,” based on actual subjective experiences of conceptual 
structures, affects the aesthetic perception of texts, particularly in comparison 
to the perception of music or visual art. This is because the physical and emo-
tional experiences associated with the literary reception are primarily triggered 
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by an inner “replay” of (memorized) concept-linked experiences and not, as 
in other forms of art reception, by actual sensory experiences. Such aspects 
of the reception of literary texts have been further differentiated in terms of 
cognitive psychology using the “foreground-background hypothesis” (Jacobs 
and Willems 2018, 148) and the “defamiliarization theory” of David Miall and 
Don Kuiken (1994). Despite their impressive “fluency,” large language mod-
els like ChatGPT are still very different from human language and cognition, 
especially in terms of acquisition and evolution (Cuskley et al. 2024). It will be 
worth investigating how this affects literature socialization and whether read-
ers develop divergent frameworks for dealing with literature due to new and 
different reading modes.

From a contemporary sociological, educational, and—ultimately—practical 
perspective on literature, the situation could be described as follows: AI tools 
can be used even today to promote reading literacy (see, for example, laletu.de  
for reading fluency), but as developments progress they could also take on 
the role of “literary dialogue partners.” The interaction with AI tools can both 
promote literary reading attitudes (Nix and Führer 2024) and support basic 
literary understanding for the purpose of discussion, analysis, and interpreta-
tion of literary texts (Führer and Nix 2023). AI tools could accompany readers 
before, during, and after their reading and take on the role of “master readers” 
who act as reading models for learners: They can, after all, explain the mean-
ings of words, establish or discuss local and global associations and coherences, 
provide approaches for interpretation, and discuss subjective text meanings 
with readers. Furthermore, they can provide external knowledge that is poten-
tially relevant to the understanding of literary texts (e.g. knowledge of text 
types, history, or literary theory). Of course, these functions depend on the 
assumption that the currently prevalent tendencies of some AI tools to sim-
ply “hallucinate” incorrect “facts” will be significantly reduced, for instance 
through further improvement of the underlying LLMs and/or better search 
engine integration. It has been observed that language models frequently pro-
duce statements that are mostly accurate from a literary perspective, especially 
in the case of canonical texts.

What seems to be at stake here is thus how any LLM can be classified in lit-
erary terms with regard to interpretation of texts. Any interpretation remains 
procedural and incomplete. In a simplified and schematic description of inter-
pretation processes, the Interpretans (see figure 10.1 below) is the result of 
interactions between the reader (= Subject) and the text (= Interpretandum):
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Figure 10.1: Model representation of interpretation without the use of AI.

But what are the implications of adding another element to this basic scheme, and 
where should this element be located? Can language-generating AI be assigned 
to one of these three elements? Is an LLM an extension of the interpreting subject 
in the form of an enhancement of human perception (see figure 10.2)?

Figure 10.2: Model representation of interpretation with AI as an extension of the interpreting 
subject.

Is it part of the Interpretans, that which has already been interpreted? Or is it 
part of the Interpretandum—i.e. something that precedes interpretation and, 
as such, something that (also) first needs to be interpreted (see figure 10.3)?
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Figure 10.3: Model representation with AI as part of the text.

Can LLMs be assigned to any of the existing elements at all, or is the language 
model perhaps an independent element that needs to be included as an addi-
tional variable in this basic model? One could also imagine that LLMs are a foil 
that influences all the positions of the basic model.

Readers would thus always have a counterpart in the co-construction pro-
cess of meaning that could support all reader groups equally: Experienced 
readers could discuss opinions, judgements, and interpretation hypotheses 
with the AI, while weaker readers could use the AI for simple queries and 
explanations. Today, AI tools already make it possible to externalize certain 
cognitive operations (e.g. ensuring text comprehension by clarifying terms, 
rhetorical devices, content summaries, etc.), which reduces the cognitive load 
in a complex literary understanding process. Overall, AI tools offer enormous 
potential for developing a literary reading attitude. The use of LLMs could thus 
support self-regulated reading and lead to elaborated analyses in dealing with 
literary source texts. The known inequality effects in the reception of litera
ture  (e.g. the social reproduction of disadvantages in schools and academic 
systems for multilingual persons, Dirim et al. 2018) could potentially also be 
counterbalanced, for instance by compensating for a lack of language skills, or 
by bridging cultural differences in the comprehension of motifs or metaphors, 
etc. A strong(er) knowledge base of literary comprehension could be devel-
oped individually with the help of appropriately trained AI tools with regard 
to styles, genres, and historical contexts; ideally, they could be integrated into 
readers’ prior knowledge as well as into their linguistic, social, and cultural 
backgrounds. From a broad perspective on the literary reception process, such 



230

a transhuman view of technical development could, paradoxically, lead to  
strengthening of the humanistic concept of education: it makes literary under-
standing (more) accessible to everyone. Transhuman in this sense means that 
human capabilities are expanded with the help of machines (Bostrom 2005). 
However, such transhuman reading or enhanced perception would focus more 
on promoting literary reception skills for the individual. It is less attentive to 
the risks associated with the collective, and thus social, dimensions of literary 
communication.

In contrast to such a positive view, LLM support may, after all, also lead to 
a less elaborate understanding of literary texts in cognitive, emotional, social, 
and motivational terms. On a cognitive level, users may end up even less 
encouraged to understand the source text comprehensively than they would 
have been through conventional methods. On an emotional level, for exam-
ple, it is not a given that we would empathize with the literary world with the 
same intensity when we use AI as a “shortcut” to access. Many such reception 
processes are based on experiences of otherness in terms of language as well as 
of content. This means that if, in a literary text, something seems unfamiliar or 
“strange” to a reader, this might not always be a problem or an obstacle, but it 
may be precisely why it attracts and fascinates us in the first place. Ambiguity 
or otherness may be the whole point of the text. Empirical studies indicate that 
ambiguities within literature are often explicitly emphasized by AI tools—but 
without references to the actual text. LLMs, for example ChatGPT, generally 
say that a literary text could have several meanings, but without reference to 
the actual content. Inexperienced readers then often decide in favor of just 
a single meaning and do not relativize it again later (Führer and Nix 2023). 
Technological support in the development of text comprehension can certainly 
also lead to manipulation of readers’ own literary perceptions. Ambiguities 
and nuances of literary texts are often too quickly converted into a coherent, 
“smoother” mental model for the recipients. Tendencies to promote “easy” 
informational reading attitudes instead of complex aesthetic ones (Rosebrock 
2017) may then be reinforced alongside a lack of individual perception and 
in-depth aesthetic examination of the text (Führer and Nix 2023). Jannidis 
et al. (2025) confirm with different methods that LLMs do not (yet) achieve a 
“deep” understanding that combines formal aesthetics with innovative reinter-
pretation. So, the subjective tension between reader and text changes when lit-
erary reception becomes transhuman in the sense above. It still remains to be 
seen how our capacity for perspective-taking, intersubjective negotiation, and 
multi-perspective perceptions is negatively influenced. LLMs can, for example, 
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offer uncomplicated political or historical interpretations of texts that do not 
do justice to the context or the reader’s individual experiences. But one essen-
tial reason for literary reading is to foster the exchange of different views on 
fundamental anthropological and social questions via a text. This could be 
negatively impacted through the use of LLMs, as readers relinquish complex 
thinking and (individual) engagement in favor of an “easier,” more universal, 
and lastly more uniform mode of access.

AI Literacy and the Future of Literary Judgement
It is to be expected that AI tools will create potential new power structures in 
literary communication, as well as changes in our aesthetic judgement. It is 
particularly important to take into consideration the text corpus which has 
been used for training the respective LLMs: When using AI (for writing as well 
as for reading), readers are confronted with a certain “average” or “dominant” 
aesthetics that were inherent in the corpus and which can exhibit potential 
biases (Barocas et al. 2019; Manovich 2019). Our literary reading and writ-
ing capabilities, on an overall social level, may become narrower because the 
diversity of knowledge acquisition and processing is reduced to a uniform per-
spective. This is not because LLMs offer only one interpretation, but because 
they marginalize individual ways of reading that are not statistically relevant. 
So, if we rely on LLMs more and more, quantities will have a new universal 
aesthetic validity and become the last instance of aesthetic judgement. This 
affects the collective creation of literary aesthetics and our societies (see, for 
example Anderson et al. 2024; Elliott 2019). The goal of conventional aesthetic 
reading—that is, of becoming an autonomous aesthetic subject—could thus 
be jeopardized by the increasing use of AI tools, especially in the context of 
literary development. Even today, an upper secondary level pupil can articu-
late and stress the view that the creative human production of something new 
from the self should be prioritized over the surface rationality (a term derived 
from Siegmund 2020) of machine-generated content. This can be seen in the 
following testimonial written by a German high school student:

The content of ChatGPT is often very superficial and repetitive, which does 
not provide any new insights. Thereby, this causes a very general approach to 
such a text. I have also noticed that incorrect information from my prompts 
(e.g. goalkeeper [original ChatGPT: Torhüter] instead of doorkeeper [original 
Kafka: Türhüter] in Franz Kafka’s parable Before the Law) is simply adopted. In 
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addition, the program always asks more questions, causing it to focus on one 
single aspect, and it seemed as if it didn’t have a lot of background information 
on the text. Furthermore, when subsequently writing [my interpretation of the] 
text, there was a tendency to lean too heavily on the phrases the program uses. 
(Führer and Gerjets 2024, 13; my translation)

The pupil correctly points out that LLMs tend to systematically agree with 
users rather than independently generating texts or judgements (so-called “AI 
sycophancy”). Accordingly, we face several challenges; that LLMs influence 
our ideas (Führer and Nix 2023), but also that our specific language in literary 
interpretation is affected (Kellermann et al. 2024). This could even lead to the 
negation or levelling of a person’s individual aesthetic tastes and judgements 
(or the distorting effects of biases on these). That said, this is not merely a prob-
lem if readers lack data or critical literacy in general. It is already a fact of daily 
life that data-tracking algorithms can influence aesthetic communities and 
even cultural assumptions (e.g. book recommendations that appear in readers’ 
timelines, Elliott 2019). A corpus analysis of comments on the e-book plat-
form Wattpad (Pianzola et al. 2020) has shown that in the case of young adult 
literature, the focus is more on social interaction between readers and “social 
bonding,” whereas in the reading of literary classics the focus tends to be more 
on elaborating the meaning (and context) of the text. This presents the risk of 
(only) understanding and using literature as a confirmation, as an emotional 
reinforcement of one’s own existing worldview or that of the particular groups 
or communities to which one already belongs (Führer 2023). This so-called 
confirmation bias is mainly useful for AI platforms and their capitalist inter-
ests since it enhances the ability to predict and replicate aesthetic taste, which 
commercial providers are already exploiting by using AI avatars as “virtual 
reading buddies” (e.g. in character.ai, readers interact with AI versions of their 
favorite book characters, such as Violet Sorrengail from Rebecca Yarros’ 2023 
Fourth Wing). Human authors like Jennifer Lepp (who writes under the pen 
name Leanne Leeds), in turn, use LLMs to increase efficiency in genre writing.

Of course, there are always two sides to the equation, and none of this need 
necessarily be for the worse: Anderson et al. (2024) hypothesized that the use 
of an LLM as a creative support tool might make users feel more creative and 
even broaden the range of ideas suggested by each individual user. However, it 
can also homogenize ideas. The researchers found that in accordance with their 
homogenization hypothesis, different users tended to produce less semanti-
cally distinct ideas with ChatGPT. Additionally, ChatGPT users generated a 
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greater number of more detailed ideas, but, in the end, felt less responsible for 
them (Anderson et al. 2024). Last but not least, LLM-driven text interpreta-
tion and LLM-based writing perpetuates existing literary hierarchies by prio
ritizing canonical or commercially successful works and established authors 
over emerging voices from marginalized communities. This algorithmic bias 
affects which authors gain visibility, which works are considered relevant, and, 
ultimately, which texts enter the literary canon through digital discovery. In 
literary contexts, authentic cultural representations are often overshadowed 
by commodified or stereotypical portrayals that serve commercial interests 
rather than genuine cultural understanding (see, for example, Noble 2018). 
Behind this lies the fundamental question of how individual (and responsible) 
aesthetic development can be promoted when AI development and use are 
predominantly characterized by speed, statistical distribution, and probability, 
while often providing little awareness of one-dimensionality, dubious content, 
or the complex moral and ethical dimensions of a text.

The traditional conception of literary judgement we inherited from the 
Enlightenment era is rooted in a strong anthropocentric worldview. There, we 
can clearly distinguish between identity and otherness, between nature and 
culture, between humans and technology. These ideas, however, are begin-
ning to falter where such opposing relationships (and worldviews) no longer 
reflect reality. We now act and communicate—as is often stated as an ideal in 
EU digital policy—not only with “individual sovereignty, understood as the 
autonomy and self-determined capacity to act” (Pohle et al. 2022, 1; my trans-
lation; see also Pohle et al. 2025); rather, the more we rely on AI tools, the 
more we see an interweaving of people and technology with each other that 
requires discursive, cooperative, and often conflictual negotiations of beliefs, 
opinions, and interpretations. While AI itself can perform and manipulate 
complex and creative thinking, this has to date often led to incoherent overall 
judgements. What is missing is a so-called “reflective equilibrium” (Betz and 
Richardson 2022). This concept—developed by John Rawls in his 1971 work 
A Theory of Justice—refers to a state of moral or rational judgement in which 
our individual beliefs and general principles are in harmony once we have 
checked, adjusted, and weighed them against each other. Only humans can 
currently think in this way, and thus also form diverse literary appreciations 
and judgements. Hannah Arendt (1978) noted that the reason for diversity 
of opinion is a form of self-knowledge that is not based on ideal truths—or, 
by analogy, on the abstract perspectives generated by AI—but is determined, 
rather, by “joint thinking” through many available genuine alternatives. Thus, 
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the value of reading generic texts using LLM technology or enjoying hybrid 
AI-generated literature is not only a function of the access and possibilities 
these texts offer for individual enjoyment. Instead, these texts can make us 
think differently about human–machine relationships and complex socioeco-
nomic aesthetic communities.

Facets of critical AI literacy (Long and Magerko 2020) are thus necessary 
to recognize and ultimately resist biases and stereotypes, but we also need an 
alternative to “hermeneutic” readings of AI texts as if they were written by 
embodied humans when, in reality, they are merely statistical artifacts. The 
problem of LLMs not having an “authentic voice” but instead calculating sta-
tistical probabilities from a huge corpus requires strategies for dealing produc-
tively with this lack of perspective in LLMs. Franco Moretti’s (2013) “distant 
reading” might be one method of approaching such texts: perceiving patterns 
in the production of large quantities rather than interpreting individual texts 
in detail. Lev Manovich (2020) uses AI for data visualization, so that large-
scale aesthetic patterns in culture (e.g. on Instagram) can be revealed that 
would not be visible to the human eye alone. These patterns are the result of 
countless individual decisions within a network. Practically speaking, one can, 
for example, focus on data genealogy (the origin and selection of the training 
data where we know about it) or carry out interface analyses (e.g. how are 
models presented, marketed, and framed?).

In a perspective from digital humanism (Nida-Rümelin and Weidenfeld 
2022), AI can be used as an aesthetic area of friction and a productive irri-
tation. When language models deliver an “average,” this can be extremely 
valuable for literary writing or literary text analysis—as a negative example. 
Since AI usually chooses the path of least resistance (the cliché), the author or 
recipient immediately recognizes the “flat” parts of their own draft or thinking. 
Humans then write precisely against this predictability in order to create genu-
ine literary depth and ambiguity.

 A technogenesis perspective (humans and technology co-evolve together, 
Hayles 2012) suggests that we must abandon the search for pure, human 
authenticity. Its approach is that authenticity is redefined as the quality of a 
human–machine relationship. In projects such as Kenric Allado-McDowell’s 
and GPT-3’s (2020) Pharmako-AI, therefore, no attempt is made to make AI 
sound like a human being. Instead, the “machine-like nature,” the strange, 
often illogical combination of perspectives, is understood as an aesthetic qual-
ity in its own right. The result is not “humanly authentic” but “technogeneti-
cally new.” 
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From an even more transhumanist perspective (More and Vita-More 2013), 
the focus is no longer on creating something out of nothing (poiesis), but on 
filtering out the special from the AI-generated “mush.” Humans use AI as a 
text quarry. The literary achievement consists in recognizing the clichés of AI, 
rejecting them, or recombining them in such a way that a new, individual qual-
ity emerges. Authenticity shifts from the text to the author’s decision. 

In the perspective of posthumanist theories (Braidotti 2013), one could 
even provoke what is unavailable or uncontrollable in aesthetic experience 
by prompting against the algorithm. AI can be strategically overwhelmed by 
extreme constraints, forcing it to “think” about aesthetic styles and areas that 
it rarely addresses. This creates breaks that can once again offer space for aes-
thetic experience and irritation.

Lastly, it should be mentioned that there are a small but growing number 
of examples of experimental, self-reflexive AI-literature curated by human 
authors which deserve special attention: Poetological literature offers the 
opportunity to reflect on the profound literary and social implications of 
AI aesthetics (Bajohr 2023b; Piringer 2022; both in German). This self-re-
flective literature shows poetically that contemporary categories of literary 
judgement, such as those surrounding authorship and authenticity (espe-
cially in connection with narratives of migration, racism, and classism) can 
be “turned off ” as a result of overstimulation and manipulation through 
AI. Poetological AI literature thus shows, at the very least, that there is a 
need for new aesthetic forms of storytelling and language use in this algo-
rithm-driven world.

Conclusions
The intersection of AI and literature is currently undergoing dynamic devel-
opments in which both continuities and differences from earlier literary recep-
tion and production are becoming apparent. Central aesthetic categories such 
as originality, creativity, authorship, and control over works are currently 
changing. The danger of aesthetic superficiality and self-affirmation must be 
balanced against the creative potential of human–machine hybridization and 
the opportunities for increased accessibility to literature. The measurement of 
the aesthetic field by economically active platforms makes it essential to also 
consider aesthetic developments from an epistemic and ethical perspective. 
Complete autonomy and freedom from purpose in literature cannot exist in 
the age of AI; rather, it must first be established through appropriate critical 
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reflection on the functioning of AI. Instead of running the risk of a global 
aesthetic uniformity, a pluralistic development of literary life should be pro-
moted throughout society. The otherness of people and cultures as well as 
(legal) authorship must be preserved, while simultaneously strengthening the 
polyphony of literary expression and judgement. To this end, we must col-
lectively rethink the formation of different literary communities and diverse 
aesthetic knowledge frames in society.
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Today Artificial Intelligence (AI) is deeply embedded in everyday life, 
both at the personal and professional level. More than ever, there is a 
fundamental need to go beyond the hype and offer a nuanced reflection 
on AI’s possibilities and limitations—and on how these technologies 
affect us in the social, cultural, and political contexts we live in. The 
most urgent challenges concern questions of human agency, creativity, 
and responsibility, spanning domains from science to society, politics, 
and the arts. Addressing these challenges requires a novel, humanities-
based perspective that complements a technological understanding 
with foundational inquiries into what it means to be human and how we 
generate meaning.

This timely collection provides an interdisciplinary introduction to these 
questions, bringing together history, philosophy, ethics, linguistics, 
science and technology studies, media studies, as well as music and 
literature. The authors demonstrate that the humanities are not only 
challenged by AI but provide indispensable tools for understanding 
and reflecting our stance on it. Readers will thus gain both a broad 
methodological grounding but also nuanced insight into concrete cases, 
leaving them better informed and aware that their own perspective on 
AI is not only valid, but indispensable. The hype surrounding AI thrives 
on the assumption that its trajectory is already written. This book is an 
invitation to question that assumption—and to imagine otherwise.

“This is a timely and welcome contribution. It does not promise 
answers—which is appropriate, as many answers do not yet 
exist—but instead offers a grounded and open way into the study 
of AI technology from a humanities perspective. I wholeheartedly 
recommend this book to anybody somehow interested in or 
affected by this societal development; which is to say everybody.”

– Inga Strümke, Associate Professor,  
Department of Computer Science, NTNU
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