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How to Read a Generative AI Image System: Di�usion models as
a techno-social entanglement

Eryk Salvaggio

Generative media synthesis tools have quickly gathered the public's attention

through products such as ChatGPT for text, or DALL-E 2, Midjourney and Stable

Diffusion for images. However, the design of these systems is typically obscured

through interfaces (buttons labelled "imagine" or "dream") and through the

misleading label of "intelligence," with commentators likening these systems’

behaviours to human creativity and ingenuity. Until now, the functions of these

systems have focused on machine learning white papers, narrowly addressing

internal technical processes. As policymakers, educators and the public grapple

with these black boxes, this paper offers a systems-level analysis to clarify the

entanglement of these technical systems within a broader context of data

collection practices, generative models, user interfaces, generated and source

images, and the broader media and cultural spheres in which they circulate.

Ecological impacts and human labour concerns are also acknowledged. This

paper maps out a systemic analysis of generative AI using a particular AI image

generation system, Stable Diffusion, intended as a model and means to provide

a common language for discussing and addressing these entanglements.

Revealing the structures and relationships between the "systems within AI

systems" is a means to engage with ethical controversies and techno-social

possibilities more thoughtfully.
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Introduction

The rise of data-driven online services such as social media, text and photo sharing

websites have enabled infrastructures of data capture and storage at unprecedented

scales. This escalation of storage capacity in massive data centres has, in turn,

contributed to the development of tools to manage and sort it. Information from

millions of social projects – from building an online encyclopaedia (Gabrilovich, 2014) to

gathering personal photos to share with family members (Karras, 2021) – have become

datasets for training neural networks for pattern recognition and prediction tasks.

In 2022, OpenAI launched DALL-E 2 (Ramesh, 2022), described as “an AI system that can

create realistic images and art from a description in natural language” (OpenAI 2022).

This was followed by Stable Diffusion and Midjourney. These systems produce

photorealistic, artistic quality images in a variety of styles in response to user prompts

(texts describing images in natural language), with images that are closely aligned with

the user’s description. Alongside this shift in image production was a parallel series of

text-based AI tools, such as OpenAI’s GPT series of Large Language Models. The rise of

these data-driven, algorithmic pattern-recognition systems quickly led to media and

public speculation about sentience in AI systems (Tiku, 2022), protests from creative

professionals such as writers and illustrators (Poniewozik, 2023) and calls for bans in

classrooms and universities (Jimenez, 2023).

In this paper, the term “artificial intelligence” is best understood as an umbrella for a

research field that aims to automate human decision-making based on pattern

recognition within datasets. There is no “artificial intelligence” system per se, but a

series of distinct systems brought together under the AI umbrella. It is more precise to

speak about Large Language Models or Diffusion systems, each of which can contain

distinct approaches, models, and methods. This paper focuses on a single output—

synthetic images made by Diffusion models, such as Stable Diffusion and
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Midjourney—and looks to the underlying system through the lens of relationships

rather than as isolated components of a singular, dedicated system. As media, these

systems are entangled with the ways humans manufacture and produce meaning: they

are inscribed with, reproduce, and recirculate forms of social and cultural values. When

these social values connect to aspects of the technical system, we can describe them as

techno-social entanglements.

While examining these systems from a technical perspective is useful, it is an

incomplete view of the system if the cultural and social systems of images and text are

set aside. But we could compile an entire bestiary of entangled relationships with these

systems. As a proposed taxonomy of AI entanglements, I examine the generated image

as the result of at least four distinct systems, broadly defined as:

1. Data: Images and text in the dataset and their collection and categorising

methods.

2. Interface: Prompts or other tools to access the data layer.

3. Image: The result of the data, user, and interface in interaction.

4. Media: Distributed social-cultural ideas of images and their meaning.

Each of these systems is embedded within even larger systems of human labour and

environmental resources. Each subsystem has its own organising logic, methodologies,

and concept of a user or outcome. They interact differently with the world beyond

them, responding to and exerting unique pressures. This paper is organised to respond

to each layer of the system through the lens of these entanglements, raising ethical

concerns and proposing even further extensions of these systems.

As a study of socio-technical entanglements, this paper is both tangled up itself and yet

permanently incomplete: it is intended only as a rough assemblage of lenses for

organising the analysis of Artificial Intelligence image models, drawing from cybernetics

and system design frameworks. Likewise, as a paper meant for designers and

policymakers, it sets a boundary at the input of policy and design perspectives.

PROCEEDINGS OF RELATING SYSTEMS THINKING AND DESIGN, RSD12
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Data: sources, collection, and models

Data is the core of these generative systems (Ramesh, 2021). Historically and practically,

data is what allowed these systems to be conceived and to function. On a historical

level, theories of knowledge built on data collection, analysis, hypothesis and prediction

set the stage for this frame of intelligence. On a practical level, generative systems are

automated pattern recognition systems—analysing datasets, finding patterns,

categorising those patterns and then reproducing them. Drawing from data analysis

best practices, we can understand the output of these systems best when we examine

the biases, limits, and structures of the underlying dataset. An analysis of these systems

begins with questions adapted from Gebru (2018):

1. What is the data?

2. What is included and excluded?

3. Where does that data come from?

4. How was this data selected and processed?

To better understand the data sub-system, we can begin by breaking data down into its

sources, how it is collected and stored, and what the model does with it.

Data sources and their collection

The data used by Stable Diffusion is not limited to images but billions of image-and-text

pairs, that is, images and the text associated with them: captions, metadata, or alt-text

for accessibility features. This data is chiefly extracted from the World Wide Web via the

Common Crawl public web archive (Schuhmann, 2022), but some services may draw

from other public or private data sets.

When drawn from the World Wide Web, human users have uploaded photographs,

illustrations, and other visual data (which can include images as diverse as medical

records, advertisements, diagrams, and more). These images, paired with

human-generated descriptions (5), are recorded as a set. In many cases, archives and

their machine-generated descriptions are also incorporated into the dataset.

One such collection of image-text pairs is LAION-5B, which stores five billion

“text-and-image pairs,” the URLs of images alongside related text descriptions
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(Schuhmann, 2022). LAION-5B is not an archive of the images themselves. Nonetheless,

the model used by Stable Diffusion draws from these 5 billion data points to arrive at an

image.

Diffusion models

Diffusion models work by removing information from images until they arrive at a frame

of pure noise or digital static. It begins by removing small amounts of information while

analysing the distribution (or diffusion) of noise. It keeps a record in the form of a

mathematical formula or algorithm for how that noise is repaired, which creates a

pathway back to the original image (Sohl-Dickstein, 2015).

This information is then categorised according to the text associated with that image.

Categorical clusters contain pattern-finding algorithms associated with specific frames

of static. The model does not draw from the images themselves but from information

about how the subjects of those images break apart. Gaussian noise follows a pattern

where it tends to cluster around the densest part of an image. This reduces that image

to core shapes. When the image is completely obliterated, it has learned to trace a

frame of pure static back to that picture.

Later, when the model is activated by the user through the interface, the model

generates a frame of random static. The user’s text is used to steer the model toward

repairing that noise according to paths associated with specific categories of images.

Entanglements of data and socio-cultural systems

Expanding the boundaries of the data level of the system is useful in examining where

data comes from, and extends the technical system into social, cultural, legal and

political systems. Social and cultural systems permeate the LAION-5B dataset. It collects

not only benign images of cats and butterflies but also a range of pornographic images,

white supremacist and racist memes, and other stereotyping content (Birhane, 2021).

This is a key result of human decisions to automate assembly and organisation. The

LAION-5B white paper confirms this, noting that the authors are “against any

applications in deployed systems without carefully investigating behaviour and possible

biases of models trained on LAION-5B” (Schuhmann, 2022).
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6

Nonetheless, data is itself entangled with a model of image-making which relies on

central tendencies. Attempts to localise training data to specific regions of the world

continue to create stereotypes but in more localised forms. In one example, a version of

Stable Diffusion trained on local data from India merely created more specific

stereotypes of Indian weddings (Trends Desk, 2023).

Entanglements of data and legal systems

There are also questions about whether this data was ethically collected. Significant

portions of the dataset are being contested as a violation of copyright (Appel, 2023).

These lawsuits view the data in the model as a derivative of copyrighted images.

Defendants see the data as the result of legitimate research and the model as removed

from that data collection. Such research is argued to be acceptable under fair use of

that data based solely on an input-output model of these systems. But, the broader

ramification of that finding can be contested when viewed from a broader systems lens,

which is explored in the labour section of this paper.

Entanglements of data and ecological systems

AI image generation systems maps should consider systems of resource extraction. The

first approach to resource extraction is the data commons of the world wide web, which

is extracted through Common Crawl into datasets. However, there is also an

environmental extraction: it is estimated that 700,000 litres of water were used to cool

the data centres training GPT3 (Li, 2023) and that Large Language Models can emit the

Carbon Dioxide of five cars over their entire lifetime during the training alone (Strubel,

2019). Training Stable Diffusion 1.4 used an estimated 11.25 metric tons of carbon

dioxide, according to Hugging Face’s model card (2023), while generating a single image

is estimated to require the same amount of electric power as a full iPhone charge

(Luccioni & Jernite, 2023).

There are also physical resources involved in assembling GPUs, and the digital

infrastructures that link users to these models. Literature examining the reliance on

natural resources from these nascent technologies remains sparse, but should be

centred in systems maps of generative systems.

PROCEEDINGS OF RELATING SYSTEMS THINKING AND DESIGN, RSD12
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Interfaces: Steering users through myths

The interface layer of the image synthesis system might include the following:

● A method of entering a request for an image—typically a prompt, though other

modes, such as image-to-image style transfer, is possible.

● A way of displaying the resulting image.

● System-level monitoring to prevent certain images from being displayed.

● Design cues and affordances that steer the user into an understanding of the

system.

A user’s prompt is a caption for an image that doesn’t exist yet. Diffusion models search

the noise in a png or jpg, and identify possible paths back to an image in the category

associated with the text. The model has gathered numerous pixel constellations from

the process of dissolving training images into noise, with additional autoencoding for

increased detail and resolution (Rombach, 2022).

These objects contain a generalised, ideal form of the images they decompose: when

prompted for an apple, it can pull information about all the apples it has previously

encountered and apply effective denoising processes based on previous examples. The

user’s prompt generates a new frame of randomised noise. The model begins to

remove noise from this frame toward the image described by the prompt as if the

prompt were a caption. If the noise is random, it’s unlikely—but not impossible—that it

could trace random noise back to any specific apple that it has ever seen. It will reverse

the noise by finding associated pathways through the digital noise, referencing an

abstract composite from all possible apple shapes.

The images it produces are not composites per se. They draw from a space that is a

mathematical representation of many images blended under a common category

(accessible through the tokenisation of text). I suggest that this possibility space should

be understood as a composited space: an algorithmic representation of all possible

configurations of images in that category. While these models are frequently called

generative, they might also be considered reductive, as the model must remove digital

noise from an image until it arrives at information (the image).

PROCEEDINGS OF RELATING SYSTEMS THINKING AND DESIGN, RSD12
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Entanglements of prompts and models

This reliance on limitation and reduction to category means these images are, by

nature, constrained to the range of possibilities based on image-text information

compiled in the data layer of the system. This contains socially constructed stereotypes

of people and situations, which are further constrained by the technique of noise

reduction, always in a direction steered by datasets. The interface layer begins at this

boundary of user prompt, steering the model, wherein the system’s mechanics activate

various mathematical weights and biases, which emphasise the most common

examples in the dataset over the least common.

Crucially, the words themselves are translated into tokens: fragments of human

language, reduced to bits, which, stringed together, serve as guideposts to clusters from

which the system may reference in its image.

Entanglements of Technical and Social Biases

Human and machine bias becomes entangled. Human captions may include invisible

categories: for example, wedding is commonly used to describe a straight couple getting

married, as opposed to straight wedding. But when a gay couple gets married, it is often

described as a gay wedding (Cain, 2018). There is a tendency among captions uploaded

online to share this kind of normative bias. This is taken into these categories and

reinforced when they generate new images that follow the same rules: when wedding

generates heterosexual pairings, because the images categorised under wedding are

primarily heterosexual. Users who uncritically reproduce this bias in their prompts will

create images that reinforce and recirculate these biases, unless systems intervene.

Entanglements of creativity and appropriation

Just as the data layer and the interface layer reinforce the concentration of social and

cultural stereotypes across two distinct processes, the interface layer can also extend

the use of art and illustration data by allowing users to cite specific artists’ names in

their prompts. Directly typing an artist’s name for an imitation of their style is a

common use case for these tools, with many viral examples re-imagining certain movies

in a particular film director’s visual style, such as mixing quirky indie director Wes
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Anderson with the horror film The Shining, or the mystical psychedelia of director

Alejandro Jodorowsky with the Disney cyberpunk Tron franchise. An early commercial

foray into this space, a Coca-Cola advertisement, was set in an art museum, where the

art was “remixed” to include a bottle of Coca-Cola, seemingly celebrating this spirit of

appropriation as creativity. While satirising popular culture is nothing new, artists have

started to take to the press with stories of their own work becoming lost in the sea of

generated images online. The artist Greg Rutkowski has claimed that his work was used

in prompts so often that his own work does not appear in search results (Heikkilä,

2022). Likewise, the top search result on Google for the painter Edward Hopper is an

AI-generated imitator as of May 2023 (Lee, 2023).

Entanglements of design and imagination

Design cues help users make sense of these technologies by creating a story about how

they work and how to use them. These interfaces have buttons labelled “dream” (Stable

Diffusion’s Dream Studio) or “imagine” (Midjourney), which obscures the reality of what

is happening behind these systems. This onboarding relies on the shorthand that the

machine is an artist or that the machine is dreaming. These are metaphors and can hide

aspects of the model and how it works, including those that might be objectionable to

users.

Asking a machine to dream of an image romanticises the reassembly of image

information from the corresponding category. Such imaginations become entangled

with questions of sentience and can create robust frames that distort real

understanding of these systems in policy and community spaces.

Entanglements with content moderation systems

Finally, the interface is also a site of system-level interventions. The system intervenes in

what comes back to the user at two stages: when the prompt leaves the interface to

trigger the model and when the image is produced by the model. Midjourney blocks

certain keywords from being entered into the model, aiming to limit the production of

illegal or concerning content. OpenAI’s DALL-E 2 seems to insert random, diversifying

words into prompts without the user’s knowledge in a bid to diversify the images that
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return from the data, a way of tackling invisible categories (Offert, 2022). DALL-E 2 will

return an image of a black professor, for example, while the data most likely would not.

Such interventions also concern questions of power and transparency. Content

Moderation Systems are entangled in cultural and social biases. As I have previously

shown, the censorship of “women kissing” by OpenAI’s DALL-E 2, while “men kissing”

was acceptable, is a cultural decision (Salvaggio, 2023). In DALL-E 3, the user prompt is

intercepted and transformed via “shadow prompting” (Salvaggio, 2023c), where words

trigger unrelated tokens in order to diversify image requests or steer the user away

from offensive content. Hugging Face’s Dream Studio uses machine learning to detect

whether an image contains violent or pornographic content and (unreliably) applies a

blur filter to offending images.

Images: Data, users and interfaces

The dataset is present in an image, visible in what is present and absent in any given

selection. Previous writing explores the image as an infographic or data visualisation in

greater detail (Salvaggio, 2023) and will only be summarised here.

In raw form, generated images are visual representations of the category assignments

in the underlying dataset. The image is its own entanglement of words, data, and

internet culture, drawing specifically from the English language web’s consensus

labelling of the images it relies on. The image is a visual system representing these

relationships and is inscribed primarily by the arrangement of these categories and the

contents paired with language.

Media: Interactions and circulations of generated images

AI images recirculate through the media sphere. If they are drawn from

stereotypes—whether it is a stereotype of people or kitchens or apples—they will

recirculate those stereotypes. Data that goes into an AI image, if recollected to train

future models, creates a self-sustaining feedback loop.

Users bring specific cultural values and understandings to these images. Images tend to

show a Western bias, as seen in the naturalisation of smiles in a series of generated

“selfies” (Gurfinkle, 2023). Likewise, cultural representations of spaces such as “kitchens”
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would most likely reveal Western kitchens. For this reason, media systems are part of

the expanded boundary of image synthesis systems. The media system is part of the

production of the data in the data layer, shapes the design of the interface layer,

informs the way users write and categorise prompts on the user end, and read and

confirm the resulting images on the output end.

Entanglements of media and power

Media is where images and ideas are distributed and circulated, encoded and decoded.

Meaning is produced and interpreted through these structures. While the World Wide

Web provided a temporary participatory environment in which the public could respond

to the state and corporate actors, generative interfaces are shaped by corporations,

who have tremendous power over media (through advertising and public relations

agencies) and over the state (through lobbyists and political donations). While the

participatory internet allows for imperfect deliberation by the public, images generated

by AI systems, mostly through closed models, merely reproduce an algorithmically

determined consensus. As of 2023, there is no public response to a closed loop of

generative media; the dataset becomes a de facto status quo.

Increasingly, that is itself mediated by an algorithmic layer, which dictates which content

people see (and which they do not). The interaction of image algorithms and media

algorithms, all taking place within a social sphere, is another important entanglement to

examine critically (O’Neill, 2017).

Entanglements of consumption and production

A key question about AI-generated images is who these images are for. The audiences

for these images vary: they may be understood as images, exchanged on social media

or sold as Non-Fungible Tokens in online marketplaces. They may also be considered

interactive media, where the process of prompting these images is itself a form of

entertainment—a blend of video game and self-directed storytelling. The architecture of

these services suggests much of the latter: the images are resistant to copyright

because they are made by machines (US Copyright Office, 2023).
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Midjourney cultivates a community where every generation is shared to its Discord

servers (a public chat feed) unless users pay steep monthly fees. This suggests that the

generation of images is not merely a tool in the artistic process, such as Photoshop, but

part of a distinct media form in which creation and consumption are entangled, akin to

social media (Filippas, 2021) and video games (Burgess, 2022). This form can be solitary

– creating images of your own desire and liking – or connected to communities of

viewers. In either case, it presents shifts in the relationship between consumer and

producer from that of traditional photography and illustration.

Entanglements of images and copyright

Cultural concepts around generated images shape the way they are interpreted and

understood. There is some philosophical debate about whether these systems produce

artworks or mere statistical correlations and how to define the difference (Hertzmann,

2018). The idea that machines can generate art is simultaneously endorsed and rejected

by the US Copyright Office (2023), which holds that the machine has rendered these

images from statistics and that the human intervention in their production is not

substantial enough to merit protection unless combined with human-authored creative

input (2). This inadvertently attributes artistry to the machine, whereas the intent of the

process is understood to be set by human users. One pushes the “dream” button to

generate images focused on certain aspects of the dataset through prompting with

Stable Diffusion. Another pushes the shutter of a camera whilst pointing it in a focused

direction through the lens. Yet, the US copyright office has never held that the camera is

the photographer (3). Important entanglements emerge between concept and

expression in the legal domain: while ideas are not protected, expression is. How this is

navigated by the legal system will require an ongoing series of arguments between

creative users of AI systems and the copyright office.
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Entanglements of human labour

AI image systems are falsely described as autonomous. In fact, humans are engaged in

nearly every layer of these systems. Human labour enters at the data level, including

data cleaners who prepare and label large image datasets or identify content

moderation issues (Roberts, 2021). While OpenAI contrasts its model from ImageNet by

using Image-Text pairs that were “already publicly available on the Internet,” (OpenAI,

n.d. B), this is evidence of the presence, not absence, of human labour: it relied on

images uploaded, labelled, and shared online by human beings. Boundaries of an AI

system also include illustrators and artists whose work is analysed in the data layer of

these systems; without their collective effort and contributions – voluntary or not –

these datasets could not be trained, and these tools could not exist. New industries are

emerging to accommodate and protect artists, from online tools to opt out of datasets

(see spawning.ai) or invisibly alter images in ways that make learning from them

impossible (Shan, 2023).

A systems view of AI image generation should account for who was paid for that labour,

who was not, and how much. It would track the economics of AI companies and media

companies and the influence that they have on shaping our understanding of how these

systems work and what they do.

Human labour is also entangled in the interface layer. This includes hiring, supervision,

and business decisions affecting management, designers and programmers building

interfaces and algorithms, and the incentives that guide them. Likewise, the images

themselves and how they circulate enter a precarious market of illustrations and

for-hire photography, creating interventions and disruptions in the existing media

industry, where image and media layers are interconnected.

Designers make decisions about the operation and structure of these systems. This

includes the decision to deploy technologies regardless of explainable outcomes. The

unexplainable outcomes of AI systems should not shield designers and companies from

accountability for deploying unaccountable systems. This framework proposes that

decisions about the AI system are intentional and offers a framework for understanding

such accountability.
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Diagramming an AI system

Figure 1: A systemic diagram of an AI Image System depicting connections between

technological, social, natural, corporate, media and natural systems and the nature of

information exchange between them.

The systemic map in Figure 1 is intended as a tool for generating conversation and

questions among policymakers, designers, communities or classrooms. It represents a

framework on which concerns and opportunities in generative AI might be identified.

Red is meant to highlight areas of corporate enclosure: for example, operators such as

Stable Diffusion rely on the World Wide Web to mine data in ways that very much

assume it is theirs to use. They also rely on the image-text dataset (such as LAION-5B) to

train the model. Within this red enclosure is the interaction between the prompt and

interface, which is the user’s point of entry into the system. Meanwhile, natural

resources are flowing into the model, the dataset collection, editorial decisions such as

content guidelines and risk mitigation, and to the user. Beyond this corporate enclosure

is the image itself, which is deemed public domain under current copyright law.
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Meanwhile, the image is engaged in a loop with the interface, as the user can generate

variations on the resulting image or use a prompt to create new images. This is a point

of user control and interaction. The image can also be recirculated into the World Wide

Web, where it interacts with the media sphere (such as search engines or social media

networks). The image also risks being included in future training data. In the meantime,

the media sphere is shaped and shapes users, with corporate contributions to the

media sphere (in the form of advertising and public relations). There is an exercise in

power between AI companies and the media sphere, which may influence system users,

but there is likewise an opportunity for users to steer the media sphere to shape their

own uses (as we have seen in the case of organised labour) (Salvaggio, 2023b).

Focal points for labour are also presented: whose labour is involved, and how it is

compensated? Through the discussion or production of similar maps, affected or

interested communities may talk through the many layers of the system, creating

opportunities to better respond or mitigate their potential for harm.

For example, significant conversation around the production of generated images

centres on copyright concerns about the images they produce. Through this model, we

can also clearly see that there are concerns about what the models train on and how

that data is obtained. The image is seen not in isolation but as part of a system of media

distribution, which suggests other harms (such as artists' names being associated with

images they did not make). In sum, the systemic map of AI images creates multiple

points of entry for a system that, when focused entirely on images and users, is

commonly understood as closed.
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Discussion

Stafford Beer wrote that “the purpose of a system is what it does” (2002), and it is in that

spirit that I aimed to catalogue the entanglements that recursively shape what these

systems do. No single conference paper can examine the full and expansive boundaries

(or boundarylessness) of a technical system’s entanglement with systems of human

culture. Instead, the paper suggests that systems mapping and systems thinking are

essential in determining which lenses may be applied to interactions when making

decisions about the design, deployment, and regulation of generative AI systems. Each

entanglement is a potential starting point for the analysis of power in these systems,

which are too often abstracted and then attributed to an unknowable “black box”

algorithm.

By focusing on socio-technical entanglements, we inevitably expand a system well

beyond its technical boundaries or relying on passive examination of social impact.

Instead, we examine contact points where systems exchange information and adapt to

one another to different degrees. The systemic view of an AI system reveals

mechanisms for tracing harms, control, and accountability and describes how power is

distributed or concentrated throughout these entanglements. Reading a system

through its entanglements allows new questions to emerge, including key questions

about where policymakers, designers, and communities may intervene to shape these

systems.

For policymakers, it is the balance of power between these systems that suggests

avenues and approaches to crafting regulation or other protections. For designers of AI

systems, it is an essential lens for configuring ethical and responsible design and

deployment of these systems. Optimistically, a better index of the entanglements of AI

systems can help to structure better, more equitable systems, especially when paired

with a critical view of who gets to make the decisions within these systems and when

they should be deployed.

AI models are discussed too narrowly within specific disciplines to provide a complete

understanding of their impacts - harms, but also potentials. While drawing boundaries

for systems is a subjective exercise, cybernetics and systems design lenses offer unique,

reflexive tools for redefining those boundaries within generative AI. The reach of
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artificial intelligence and its definition as a multi-modal, multidisciplinary cyber-physical

systems, human labour and environmental resources. Shifting the scale of focus into

each of these entanglements, rather than viewing specific slices of the system in

isolation, is helpful in examining AI. It is a tool for identifying the broader implications of

these images, identifying accountability among actors, establishing broader

responsibilities to communities and users, and identifying opportunities for inclusion in

the decision-making system, which demands a coordinated multi-modal,

multidisciplinary response in research, design, and analysis. It suggests a return to the

founding science behind Artificial Intelligence, rooted in an understanding of complex

social drivers that is lost in today’s AI research. It suggests an opportunity for

contemporary cybernetics, committed to expanding its touchstones beyond Western

viewpoints, to more broadly examine and critique systems which increasingly define,

shape, and enact power. The AI Decolonial Manyfesto, written by “two dozen experts in

AI, social sciences, humanities, human rights, from different geographic regions, racial

gender, age, class, and other intersectionalities,” notes that “the social and the technical

are interwoven, and technologies have immaterial as well as material impacts over

specific gendered, racialised bodies and territories. Decoloniality rejects the divorcing of

the material and immaterial, of feeling from being, knowing, doing or living”

(Manyfesto.ai, 2022).

In this spirit, the systems map aims to complicate our isolated understanding of “an AI

system” to see it as necessarily embedded within a set of social, cultural, and material

entanglements. This approach is a starting point for understanding power and is thus

incomplete. There is no such thing as an “AI-generated image” from diffusion models,

only images produced through intertwined systems of data, interface, images, and

media.
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