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Introduction: Machine Voices



Voices in the Machine

This book is about voices in machines and how they get there. It parses the relations between machine, voice, and human, charting how each is invoked as a metaphor for the other, as well as the work required to build and sustain those metaphors in the context of artificial intelligence (AI).

Three familiar tropes are relevant here. The first centers the allure and fear of the machine as a substitute for the human, a story that is part and parcel of any tale of technological progress. The second invokes an age-old belief that voices are signals of humanity and the perturbation we feel when that belief is marred. The third concerns the centrality of humans and the strategic concealment of their labor in constructing spectacles of technology. This is a recurring motif throughout histories of automated machines, conjoining the automata of eighteenth-century France, cybernetics research of mid-twentieth-century Cold War America, and the veiled global network of human annotators in the development of artificial intelligence today. We will trace how these tropes clash and blend together, in recognizable and novel ways, as human voices are reimagined as mechanisms to be technologically managed by actors in the artificial intelligence industries.

To trace these themes, however, we must address a more foundational question: What does it mean to know a voice, and how is that knowledge troubled through attempts to measure, analyze, and generate it? For centuries, the human voice has been a fascination of philosophers, artists, scientists, engineers, media producers, and even politicians, all of whom have tried to tame it in their own ways using various tools and techniques at their disposal. Music historian Bonnie Gordon (2023), for instance, looks to sixteenth-century Rome to posit the castrati as “early modern cyborgs” (p. 6): surgically constructed voice machines to be “acquired by princes and cardinals for the perpetuation of dynastic glory” (p. 13). In the early twentieth century, English playwright George Bernard Shaw (1916/1994) wrote Pygmalion, a tale of social mobility in which a common flower girl, with the help of a linguist and his mechanical tools, is taken to be a duchess by training her voice to sound like one.1 Today, artificial intelligence systems appear to have replaced such linguists and their contraptions. We now have AI voice modulation software that modifies the accents of call center workers to conform to “Standard American English” (Santos, 2023), as well as AI translation systems that enable politicians to “speak” in languages they’ve never previously uttered (Izaguirre, 2023).

Stories such as these have taught us to believe that the voice is a palpably knowable—and thus controllable—thing. Hypnotized by the intimacy with which it presents itself to us in our everyday lives, we have come to treat the voice as a steady site of technological intervention, especially when the right mechanical tools are available to us. But as French film theorist Michel Chion (1982/1999) reflects, the voice is anything but stable; it is a precarious and “strange object” (p. 1). Beyond the body from which it emanates, or the words, songs, and timbres through which it is heard, any attempt to define the voice is frustratingly deceptive. It’s like grasping for air. We know it’s there, but it averts containment. And to contain it also always means to transform it.

This book charts the contours of one such process of transformation in the increasingly important but often overlooked intersection of voice and artificial intelligence. Each chapter examines how the voice must be reconstructed in the context of AI development as a set of concrete mechanisms. Although such reconstructions are characteristic of any scientific and/or technological engagement with the voice, the distinct technical properties of machine learning (ML), the broader cultural imaginaries around artificial intelligence, and the financial imperatives of the technology industry fundamentally redefine the voice in ways that we have not previously contended. Ultimately, I argue that “knowing” voice through AI means something specific: It is to render the voice mechanical—manageable, measurable, analyzable, replicable, and manufacturable—to make it sellable.




Voice and Artificial Intelligence

Over the past decade, and arguably longer, there has been an explosion in what I refer to in this book as “voice AI” systems: technologies that apply ML techniques to process the human voice for various forms of identification, predictive analytics, and synthetic voice generation. My definition is distinctly broader than the conventional use of the term, which typically only denotes artificial intelligence systems that generate synthetic speech. Here, the term includes not only generative speech systems that output synthetic vocal sounds as audio but also machine listening2 systems that receive and analyze recordings of the human voice. In the simplest terms, “voice AI,” as it is used in this book, denotes artificial intelligence systems designed to both “speak” and “listen” to voices.

Unbeknownst to many, these voice AI technologies are increasingly mediating crucial decisions about our lives and the societies we inhabit. They have been and continue to be implemented in high-stakes settings, spanning health care, human resources, politics, finance, and security, but they operate in ways that are hidden from and difficult to understand for those affected. This obscurity is exacerbated by the fact that the corporations developing these technologies have every incentive to keep their operations private. As such, unlike more publicized—and thus also scrutinized—AI technologies such as facial recognition or large language models (LLMs), voice AI systems have largely evaded the scrutiny of public attention and critical scholarship.

Machine Voices addresses this gap. It investigates how voice AI technologies are designed, with a focus on the economic, social, cultural, and technical forces that mediate these design choices. Analyzing technologies along these multiple axes brings forth the broader beliefs, subjectivities, and negotiations that are otherwise hidden in the presentation and adoption of these systems but are nonetheless central to how they impact the worlds in which they are deployed. Here, a central vector of analysis is my concern with a fundamental conviction that underlies the design of all voice AI systems: the belief that voices are knowable and thus that “other things” can be known through them.

Consider Apple’s Siri or Amazon’s Alexa. These everyday features on our phones and home speakers are among the most rudimentary of voice AI technologies. But they are still illustrative of a creed that posits the human voice as a knowable object. A stranger can’t declare “Hey Siri” to “wake” our iPhones. Only our own voices seem to “trigger the magic.” The functioning of these basic conversational assistants, like all voice AI systems, depends on “knowing” our voices.

Across its three parts, this book will trace the myriad roles that voice is recruited to serve as sites of knowledge to be harvested and as commodities to be manufactured, so long as the right combination of mechanical tools and human expertise are available to us. I will begin with the “voiceprint,” an early attempt to transcribe the voice into a readable visual diagram for the purposes of identifying criminals (part I). This will be followed by a foray into the world of “listening” machines that influence major decisions about people’s lives such as hiring and compensation by analyzing the tones of people’s voices (part II). Finally, I will end with an exploration of “speaking” machines that promise affordable and natural-sounding synthetic voices without the “baggage” of human bodies and minds (part III), examining how the voice is made commensurate with mechanical logics of measurement, disassembly, and reconstruction.

Here, I am especially attuned to how such a conception of voice is positioned to stand in for other slippery concepts such as identity (chapter 1), competency (chapter 2), emotion (chapter 3), embodiment (chapter 4), and progress (chapter 5). In the words of media scholar Dylan Mulvin (2021), “This is the promise of proxies and the promise of creating controllable renditions of an unpredictable and unknowable world” (p. 4). What unites these stories is thus not only the framing of voice as an object to be measured, analyzed, and replicated but also how this framing enables the transformation of these otherwise immeasurable constructs into actionable metrics. Indeed, the voice as metaphor is what makes voice AI technologies useful across the high-stakes settings to which they are applied. In other words, this book is about the “things” used to measure voice as well as the “other things” that voice is used to stand in for—both the proxies of voice and the phenomena that voices become proxies for. Vital to both processes, I argue, are machine metaphors.



Machine Metaphors

Philosopher Catherine Malabou (2019/2021) declares that “testable intelligence will always be machine intelligence” (p. 49, emphasis added). Here, she is responding to how psychologists treat human intelligence as a mechanically traceable process to be measured using tests and scales. The argument is that if intelligence is presented as data amenable to experimentation and control, it can also be considered as a programmable object to be designed, edited, and taken apart. Intelligence too is made mechanical through measurement.

Malabou’s use of the term “machine” (and its derivatives) is evidently not to denote a physical system literally composed of gears and motors. Rather, it more broadly alludes to a system of mechanisms: a structural assemblage of distinct (or distinguishable) components that work together. The crux of this framing is its emphasis on a tangible modularity. Here, “machine” implies a modular structure of separate mechanisms, wherein each of those separate mechanisms is also separately measurable, analyzable, and rearrangeable. This mechanistic view has long been central to how the sciences have disaggregated and made sense of complex systems.

Indeed, one of the defining tenets (and critiques) of Enlightenment thinking revolved around the Cartesian metaphor of the body as machine. Progenies of this metaphor have readily proliferated since that time, of which the most relevant to this book would be in histories of information processing. There, a specific part of the body, the brain, has been described as a computational machine. In the words of science and technology scholar Paul Edwards (1996), “Cybernetics, AI, and cognitive psychology relied crucially upon computers as metaphors and models for minds … Cyborg discourse, by constructing both human minds and artificial intelligences as information machines, helped to integrate people into complex technological systems” (p. 2). Indeed, humans first had to be reimagined as machines for humans to also be imagined as part of them.

Such reimaginings have been a familiar trope in the history of automation, at least since the public demonstrations of automata in eighteenth-century France. There, the extravaganza was not a mechanical brain but rather a mechanical duck created by the French artist and inventor, Jacques de Vaucanson. His “Canard Digérateur” was made to appear to drink water, eat kernels of grain, and even defecate. Although the automaton was later shown to be an intricate performance masterfully executed by a hidden human operator, Vaucanson claimed that he had created a mechanical body with a gastrointestinal system in the form of a chemical laboratory, supposedly replicating the “most biological” of bodily processes: digestion.

In this way, a commitment to the body-as-machine metaphor means that every part of the biological body—brains, digestive systems, and voices—also becomes replicable in a machine. To attempt to trace and replicate any bodily mechanism is first to conceive the body itself as a machinic system. This brings forth the second of the two foundational conjectures that this book contends: Bodies are mechanical.

Taken separately, each of these conjectures—that voices are knowable and that bodies are mechanical—is hard to crack. As mentioned earlier, voices comprise some of the most intimate parts of our lives. We identify family and friends through the quirks in their voices. We hear emotions in voices, and we’ll often trust those senses over the words spoken through them or the facial expressions behind them. Intuitively, we both know voices and know through them. To argue against this feels like an unnecessarily theoretical exercise and, frankly, almost contrarian. Similarly, treating our bodies like machines composed of mechanisms to be studied and taken apart has produced astounding results with clear practical utility. This is true not only in advanced fields such as medicine, anatomy, pharmacology, toxicology, and exercise science, among numerous others, but also increasingly in our everyday lives as we benefit from steady sleep schedules, reaching a certain number of daily steps, and managing our caloric balance. Challenging these separate beliefs is a steep hill to climb because they’re reinforced both intuitively and experientially throughout our lives.

The conjectures, however, have also been the source of much harm. The belief that voices are knowable and that we can know other things through them has been used to justify wrongful convictions of accented speakers (People v. King, 1968) and deny housing to Black applicants in the US (Henderson, 2001). Accents have never only been markers of an individual’s geographic and cultural origin; they have also been instruments for detecting and policing boundaries of class and race (Labov, 1973). To know a voice is presumably also to know the person who produced it, and this belief has indeed been used as an effective lever for social segregation.

Similarly, but on a much larger scale, the body-as-machine metaphor was foundational to Western eugenics. Here, the body had to first and foremost be understood as a genetic assemblage to be engineered and edited through selective breeding. This not only resulted in state-sanctioned mass sterilizations of individuals deemed “unfit” across Europe and North America during the nineteenth and early twentieth centuries, but also later served as a mobilizing ideology for Hitler’s Nazi Germany and the unspeakable atrocities of the Holocaust. A mechanical body implies an editable body. And the eugenicists made sure to edit in favor of certain populations over others.

Herein lies the alluring paradox of these two conjectures. The belief that we can detect feelings in the subtleties of our loved ones’ voices can also be transfigured into justifications for interrogators who claim to detect lies from speech patterns and try to use such claims as supporting evidence for convicting individuals. Similarly, our experiences improving our physical health following specific mechanistic protocols can also be doctored into a defense of biological determinism, wherein our lived experiences are reduced to mere products of evolutionary and biological processes. Indeed, like all powerful mythologies, they are dangerous precisely because they are believable and, although to a much narrower extent than their proponents may assert, frankly, somewhat true.

Machine Voices does not repeat the countless intellectual critiques of these separate conjectures. Rather, it is concerned with their combined ability to enable derivative beliefs, which then permit the development of related technologies, ultimately constructing contingent worlds configured through and around them. Specifically, it examines how the two beliefs work in tandem, focusing on their synthesis across various scientific, engineering, and business communities around voice AI. Here, this synthesis is enabled by the introduction of a third intermediary conjecture: The voice is a feature of the mechanical body. Taken together, these three conjectures produce what I refer to throughout this book as the “machine voice.”


The Machine Voice

The machine voice is a voice that manifests all the characteristics of a machine, such that the voice becomes measurable, observable in parts, analyzable, able to be taken apart and put back together, reconfigurable, editable, and, of course, replicable. It is transformed from a phenomenon to a system of mechanisms. As a phenomenon, the voice is akin to how French philosopher Henri Bergson (1889/2001) describes intellectual energy: as an intensity that can only be described qualitatively. In contrast, as a system of mechanisms, the voice is transformed into a size with quantifiable features and dissectible into parts.

There is, of course, a pragmatic justification for this transformation. Like Bergson and Malabou’s separate critiques of psychological intelligence, it reconfigures the human voice into a scientifically legible and technologically engineerable object. It becomes “manageable,” in every sense of the word. This manageability can be described through at least three derivative (and circular) configurations of the original conjectures produced by the machine voice (figure 0.1):

[image: Diagram showing the relations between how voice is made knowable, mechanical, and replicable. It also shows how other concepts such as body, identity, emotion, and personality can be represented through the voice.]

Figure 0.1

Relations between the three derivative rationales and how other constructs such as identity and emotion can be folded into this structure through the machine voice.




	1.	Voices are knowable because they are mechanical.

	2.	Voices are mechanical, and therefore they are knowable.

	3.	Voices are both knowable and mechanical, which makes them replicable.



These three derivative configurations also track the three parts of the book. Part I (“Histories and Conditions”) examines the voiceprint—a spectrogram of the voice—as a manifestation of the belief that we can visualize, dissect, and measure human voices, and that such mechanistic renderings are adequate sites for ascertaining human identity. As a mechanically derived diagram, the voiceprint is presented not only as evidence for the belief but also as an actionable technology of identification. Part II (“Listening Machines”) focuses on voice analytics systems that depend on treating the voice as a mechanistic object to be datafied and analyzed. Here, processes of datafication translate the voice into a measurable and actionable object used to produce knowledge about not only identity but also features related to its human speakers such as their personalities, emotions, and abilities. And part III (“Speaking Machines”) examines technologies and techniques devised to engineer synthetic voices based on these same mechanistic hypotheses.

In this way, the machine voice and its derivative precepts set the stage for the technology industry, where they become especially useful for corporations selling voice AI systems. I examine, for instance, recruiting tools that claim to “solve” the “cumbersome,” subjective, and expensive process of interviewing potential candidates for a job by measuring the subtle changes in their voices (chapter 2); emotion detection systems that apparently identify happier-sounding call center agents and award them with additional compensation—and vice versa for those who don’t sound so happy (chapter 3); and, of course, voice generation technologies that allow media producers to do away with voice actors altogether in favor of the more flexible and financially prudent option of text-to-speech (TTS) machine learning systems (chapter 4). When phenomena are made mechanical, they become not just measurable, analyzable, and replicable but also cheaper.

Indeed, a core feature of mechanization is economization. Any story of mechanical replication also includes an economic account of competing producer–consumer dynamics, where, in this case, contestations around what voice is are always also in relation to how voice is valued and by whom. Not only that, but the mechanization of a phenomenon as multiple and economically useful as voice also renders the aforementioned “other things” that voice is recruited to stand in for as potential sites of economic activity. The machine voice thus also produces machine identities (chapter 1), machine competencies (chapter 2), machine emotions (chapter 3), machine media (chapter 4), and mechanistic understandings of progress (chapter 5), all of which can be built, sold, and purchased through more mechanistic processes. More explicitly put, they are mechanized for the purpose of being sold and purchased—and machine voices provide a means. This economic core means the book is as much about business as it is about science and technology. And underlying all business, science, and technology development, of course, is human labor.




Humans Making Machines

Central to this book are the humans who produce machine voices. This is meant in the broadest sense. There are humans in every part of the design, development, deployment, and distribution of voice AI systems, and they are not always (and sometimes are never) in conversation with each other. There are the usual suspects in the product developers, data scientists, computer scientists, and the machine learning engineers. But there are also those who participate little in the technical engineering but nonetheless wield incredible power in how these technologies are designed and for what purpose. These might include business strategists, senior-level administrators, C-suite executives, and venture capital (VC) investors. Moreover, the necessity of all AI systems for “quality” data at “scale” situates not only database managers and data annotators as indispensable nodes in this developmental pipeline but also the actors, singers, talent acquisition workers, and even incarcerated people enlisted to produce the data to be managed and annotated by them.

To center these humans and their day-to-day practices is to ask: Who makes the machine voice, and how do they do it? To answer that question, I conducted hundreds of hours of interviews with workers occupying these vastly different roles, as well as observational and immersive fieldwork in the physical and digital spaces that collectively comprise the voice AI enterprise. To study the machine voice is to study not only what it is or why it is useful but also how it is “made to work.” As such, we will trace how humans must devise ways to mechanize certain “parts” of the voice (but not others), organized along certain taxonomies (but not others), aligned with particular formats (but not others), and to be used in some contexts (but not others). Indeed, tracking these mechanistic processes also reveals a parallel story of subjective valuations: Some things must always be made to matter more than others.

Examining these processes of subjective valuation and improvisation is also crucial to understanding why and when a voice AI system fails. Here, failure can be defined in several ways—technically, socially, ethically, or financially. But they all lead back to the humans designing the systems and defining what their failures (or successes) are (Passi & Sengers, 2020). This focus on human choices and practices is important because it makes the consequences of otherwise opaque machine learning operations more transparent to individuals outside of core research communities. As journalist Hilke Schellmann (2024) documents in the context of AI tools used for hiring, everyday people have limited knowledge of how these fickle technologies are designed but are nonetheless affected by them in crucial ways. Focusing on the humans who make these systems “work” (or not) can thus aid in taking concrete steps toward enforcing accountability in a space in which that is all too lacking.

Indeed, technology companies have consistently hidden behind tropes around the “black box” and algorithmic opacity (Burrell, 2016). These are themes that originally emerged as critiques against the “internal” obscurity of algorithmic processes but have since been co-opted by corporations to offload responsibility regarding the harmful consequences of their data-intensive systems (Elish, 2019). As the purview of not just voice AI but also artificial intelligence writ large expands to include applications that use machine learning for high-stakes social decision-making (e.g., border control, criminal recidivism prediction, behavior profiling, emotion analysis, loan default prediction, employee retention, and candidate success prediction, among others), it will become even more imperative to do away with this black box alibi.

Importantly, this shift toward examining human choices also allows us to parse what is and isn’t an appropriate use case for machine learning. As computer scientists Arvind Narayanan and Sayash Kapoor (2024) emphasize in their exposition of “AI snake oil”—“AI that does not and cannot work as advertised” (p. 2)—a fundamental problem with many current AI technologies is not their awesome power but rather their inefficacy. When inefficacy is packaged as an affordable solution for previously expensive or nearly impossible problems and then sold to customers (including governments and other businesses) who have little knowledge of what AI can and can’t do, dire consequences follow.

This is especially true in the context of voice AI technologies because, as mentioned earlier, they are overwhelmingly marketed and applied to high-stakes settings. All artificial intelligence systems (like all sciences and technologies) establish their authority through the rhetoric of neutrality, objectivity, and fairness (Porter, 1995). But numerous studies have shown that there is a constellation of social, political, cultural, and institutional forces that mediate all aspects of AI development (e.g., Crawford, 2021; Dhaliwal et al., 2024; Engdahl, 2024; Muldoon et al., 2024; Newlands, 2021; Orr & Crawford, 2024; Tubaro et al., 2020). This makes it imperative to lay bare the subjective human beliefs and choices underlying their construction.

One objective of Machine Voices is thus to serve as an example of critical technology scholarship that doesn’t just “critique for critique’s sake.” Rather, it is committed to ensuring that areas in which machine learning are truly beneficial can be further explored and developed. This is only possible, however, after we’ve sifted through the noise. Here, we must ask what exactly these systems are designed to do and how, as well as for whom these systems are meant to work. The first step of such a process is to reject a monolithic understanding and representation of artificial intelligence. Instead, we must understand it squarely as a modifiable tool that is useful for some things, for some people, and in some situations, but not others.



“Patchwork” Methodology

In line with this commitment, a core contribution of this book is a method I introduce in chapter 2 called “ground truth tracings” (GTT). This method foregrounds the specific processes through which human developers must translate a “real-world problem” into a “machine learnable” one. Here, the aim is to make transparent the human assumptions, compromises, and ideologies that crucially mediate the development of machine leaning systems. As Florian Jaton (2021) writes, “We get the algorithms of our ground truths” (p. 81). This means to study algorithmic systems is also to study the human-designed ground truths upon which they’re constructed.

I devised GTT to make sense of my own encounters with voice AI companies that presented unbelievable claims around the supposed predictions their voice analytics software could make. I found that this mixed process of deduction and empirical tracing, however, could apply beyond these contexts, and that it could be especially useful for investigating proprietary machine learning systems broadly. Indeed, a primary challenge of conducting research on machine learning technologies is not only their algorithmic opacity but also, in the case of proprietary systems, the shielded corporate contexts in which they’re developed (Burrell, 2016).

In response to this secrecy, technology researchers have generally adopted what media scholar John Cheney-Lippold (2017) refers to as a “patchwork” approach (p. 32), wherein materials and empirical data from a variety of sources are patched together to better understand the stories that underlie and propel the development of these systems. GTT is one part of my broader patchwork methodology, in which I also rely on interviews, fieldwork, patent analysis, archival analysis, and critical discourse analysis to trace how voice AI systems are designed. Simply put, I study voice AI technologies by attending to what’s around them.




Studying Artificial Intelligence


Just what are we talking about when we talk about “AI”?

—Lucy Suchman, “The Uncontroversial ‘Thingness’ of AI,” 2023



I begin both my undergraduate and graduate seminars, “AI and Society,” with this question. “ChatGPT,” of course, is by far the most common answer. But others have also remarked, more hopefully, “the future” or, half-jokingly, “our doom.” “Cheating” is another surprisingly common answer and an increasingly reliable harbinger of some of the AI-generated reading responses I read later in the semester. “A disruption in technological efficiency across multiple industry sectors” was what I believe one of my interview-ready undergraduates from the NYU Stern School of Business remarked. “Siri” and “Alexa” are also common answers, or sometimes “AlphaFold” and “DeepSeek” for those up to date on the latest AI headlines. “Consciousness” is another interesting one. Unfortunately, this feels like a symptom of the much too publicized discourses around artificial “general” intelligence (AGI), arguably one of the most contested neologisms in the field. I’ve also gotten “Elon Musk” more than once. Interpret that as you will.

Suchman’s question—“What are we talking about when we talk about ‘AI’?”—distinctly circumvents the more direct and difficult question: What is AI? Instead, it points toward an expansive network of actors that proximately congregate around AI. As a result, my students’ responses range from well-known consumer products branded as AI; conditioned talking points prepared for future employers signaling that they’re ready to be management consultants in industries disrupted by AI; public figures who like to associate themselves with the future of AI; existential statements on humanity and the positive or negative impacts of AI; and even implicit confessions to “cheating” (although I personally wouldn’t call it that) on class assignments facilitated by AI. In this way, we talk about AI without necessarily defining it.

This lack of a definition is often the fate of many hackneyed buzzwords. Indeed, artificial intelligence has become increasingly impossible to bound, which means studying it has also become an exercise of defining its boundaries. Attending to what’s around AI is thus not only a savvy way to circumvent proprietary systems or a righteous campaign to surface the humans who make them work but also a required maneuver for tracing the borders of our system of study.

For instance, AI cannot just be distilled into a set of mathematical operations. There are one too many creative human choices that distinguish an effective machine learning model from a less effective one (Domingos, 2012). AI is also not simply a human network of machine learning engineers and annotators. Their strategic invisibility in dominant tech narratives (Newlands, 2021) and frequent exploitation in the case of lower-level annotators (Williams et al., 2022) should make that abundantly clear. To describe AI as human intelligence in a machine is also wholly inaccurate. Human intelligence itself lacks a clear scientific definition, and even the ones provided by the fiercely empirical psychometrists would not conform to the properties of existing AI systems (Chollet, 2019; Gignac & Szodorai, 2024). In fact, to refer to AI as “it” also feels silly. “It” suggests a kind of unitary cohesion. But as Narayanan and Kapoor (2024) jest, this is like lumping all transportation mediums, spanning bicycles, spaceships, automobiles, and boats, under the general term “vehicles” (p. 1). Unlike the many words for different vehicles, however, “AI”—it—is the only term we currently have, so we must do the extra work of charting its perimeters.

AI scholar Kate Crawford (2021) tackles the question by declaring what AI isn’t: “neither artificial nor intelligent” (p. 8). So, what is it? Crawford suggests that it resembles a “registry of power,” pointing to the planetary flows of capital and dominant ideologies through which AI is made possible (p. 8). True. But it’s not only a registry of power; it’s also an echo of beliefs about what humans are and can do.

One rare consistency of all artificial intelligence systems is that they are positioned as substitutes for humans in some capacity. Why else would we be so anxious about their replacing our labor? Even the most optimistic, such as Tim O’Reilly, pronounce that “AI is a mirror, not a master” (Press, 2017). This mirror-of-humanity analogy is most often invoked to describe AI systems as products of their human-produced training data. The analogy, however, is also apt to describe how AI systems are organized along “modalities” that mirror fundamental human senses and features such as “vision” and “language.”

Historically and into the present, computer vision and natural language processing (NLP) have undeniably been the two most studied and developed modalities in artificial intelligence research. Recall: ChatGPT, Dall-E, Sora, Midjourney, Stable Diffusion, Claude, Gemini, BERT, LLAMA, and Clearview AI. All of these highly publicized machine learning systems, developed by the world’s most deeply funded AI labs such as Microsoft’s OpenAI and Google Deepmind, fit squarely into one of those two domains. Central to these efforts, of course, are beliefs about “how humans see” and “what language is.” Some critical scholars, for instance, have critiqued that computer vision is “rooted in a decontextualized and a non-situated, physicalist account of human vision” (Denton et al., 2021, p. 6). Similarly, LLMs have been famously compared with “stochastic parrots,” contrasting their statistical prediction of words with the way humans construct and communicate meaning through language (Bender et al., 2021).

Indeed, we have witnessed a deluge of critical scholarship (e.g., Ananny & Crawford, 2016; Bender et al., 2021; Buolamwini & Gebru 2018; Crawford & Paglen, 2019; Denton et al., 2021; Jaton, 2021; Mackenzie, 2017; Raji et al., 2021; Raley & Rhee, 2023; Roberge
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