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Driving the hype: LLMs as ‘general-purpose’ promise in the 
autonomous vehicle industry
Alex Gekker a and Sam Hind b

aDepartment of Media Studies, University of Amsterdam, Amsterdam, The Netherlands; bUniversity of 
Manchester, Manchester, UK

ABSTRACT  
Proponents of autonomous vehicles are proclaiming a new era, 
driven by innovations derived from large language models 
(LLMs). Following a decade of highly public failures and the 
concurrent redirection of capital and attention towards 
generative AI, firms in the autonomous vehicle industry have 
turned to LLM-style techniques as the basis for a rebooted 
commercialisation effort. Through a technographic analysis of an 
annual industry event, Nvidia GTC 2024, and 41 sources of related 
grey literature (firm communications, technical preprints, trade 
journalism, and regulatory documents), we examine how two 
autonomous vehicle firms, Wayve and Waabi, discursively frame 
these techniques as capable of overcoming the technical, 
economic, financial, and regulatory limits that have so far 
thwarted a fully-autonomous future (AV 1.0). We find that these 
claims draw heavily on the supposed ‘general-purposivity’ of 
LLMs, importing assumptions about the broad applicability of 
foundation models, multimodal training, parallel tokenisation, 
and epistemic distillation (AV 2.0) into a domain where they 
remain largely unproven. The innovations discussed are highly 
speculative in nature and contribute to the discursive hype 
around the viability of LLM-style approaches in the autonomous 
vehicle industry. In promoting claims of general-purposivity, they 
serve as a blueprint for how proponents are seeking to embed 
LLMs in new industries and domains.
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Introduction

Until large language models (LLMs) took the crown with OpenAI’s launch of ChatGPT 
in November 2022, autonomous vehicles (AVs) were considered the most promising 
application of artificial intelligence (AI) in the modern era. Huge investments were 
built on the same bet: that a world of fully-autonomous cars would be possible by 
2020 (Metz & Griffith, 2020). Ground-breaking work on robotics that formed the basis 
of early advances in autonomous vehicles in the early 2000s gave way to a period of 
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‘benchmarking’ work in the 2010s, ending most recently with the feverish launch of 
autonomous vehicle start-ups, public tests, and commercial partnerships into the 
2020s, designed to deliver autonomous vehicles to the masses (Hind, 2024a). However, 
a series of highly public failures, coinciding with the concomitant rise of LLMs, has 
pushed this dream further into the distance.

To demonstrate: in October 2022, Ford shuttered their autonomous vehicle division, 
Argo AI, absorbing the project into other company initiatives (Hawkins, 2022). In Octo
ber 2023, California’s Department of Motor Vehicles suspended Cruise’s ‘robotaxi’ oper
ating licence in San Francisco, before the company’s CEO resigned (Korosec & Bellan, 
2023). Then, in February 2024, Apple cancelled its decade-long ‘Titan’ project, reportedly 
shifting the workforce to generative AI (Roth, 2024). Together, these incidents constitute 
a crisis of viability, possibly heralding a dreaded ‘AI winter’ once prophesied by industry 
figures (Shalev-Shwartz et al., 2018).

In the time since these announcements, excitement has returned: what if LLMs could 
breathe life into the stalled revolution? Recent scholarship on the supposed generative AI 
revolution has emphasised the role of industry hype not only in promoting the technol
ogy to consumers but also as essential to the commercialisation process itself (De Kloet, 
2026; Kotliar, 2025). This article adds to this growing body of work on the discursive 
framing of AI, by focusing on the autonomous vehicle industry – a multifaceted collec
tion of firms, consisting of old and new players, that aim to develop commercially viable 
self-driving cars. Specifically, we examine the claims that LLM-style innovations will lead 
the autonomous vehicle industry out of AV 1.0 – the first phase of autonomous vehicle 
commercialisation – and into a brave new era, AV 2.0, due to the technology’s general- 
purpose applicability that counteracts the resources previously required. Put simply: 
‘what truly transpires in the ‘revolutions’ and ‘disruptions’ allegedly brought upon by 
AI? And what role does hype play in these revolutions?’ (Kotliar, 2025, p. 828).

The article proceeds as follows: in section one, we present four innovations – foun
dations, multimodality, parallel tokenization, and epistemic distillation – that underpin 
claims to the ‘general-purposivity’ of LLMs, drawing on work in media studies and cog
nate fields. Subsequently, we present our ‘technographic’ analysis (Bucher, 2018; van der 
Vlist et al., 2024; Woolgar, 1999) of autonomous vehicle grey literature drawn from a 
study of an annual industry event run by chip firm Nvidia.

In section two, we detail four limits that have thwarted the dream of a fully auton
omous future. Firstly, technical limits in machine vision and software development. Sec
ondly, economic limits in underlying business models and product design. Thirdly, 
financial limits in macroeconomic policies and venture capital investments. And lastly, 
regulatory limits regarding testing incidents and licencing protocols.

In section three, we present two recent examples of new LLM innovations claimed by 
their developers to be able to overcome some, if not all, of these stated limits. In these 
cases, innovations from autonomous vehicle start-ups Wayve and Waabi, such as 
video prompting and parallel tokenization, are seen as technological breakthroughs that 
are able to arrest the challenges faced by the autonomous vehicle industry since the 
rise of generative AI in 2022 – constituting a tempting, if precarious, realisation of the 
promise of LLMs.

In the discussion and concluding sections, we argue that critical media scholars should 
be alive to contested claims of the general-purposivity of LLMs and pay close attention to 

2 A. GEKKER AND S. HIND



how such innovations are being discursively framed and hyped in specific domains and 
industries.

Theoretical framework: ‘General-purpose’ LLM innovations

Since 2021, visual diffusion models such as DALL-E and Stable Diffusion, and subsequent 
transformer-based text models such as ChatGPT, have sent shockwaves through the AI 
community and wider world. A key assumption so far has been that AI training requires 
substantial forms of human labour; for instance, in the curation of training datasets 
manually annotated by workers, typically in the form of low-paid, piecemeal work con
ducted remotely in the global south (Muldoon et al., 2024; Tubaro et al., 2020).

Instead, new techniques in unsupervised or self-supervised learning have allowed for 
the ingestion of massive amounts of unlabelled data and the subsequent creation of 
robust ‘foundation’ or general-purpose models capable of generating new outputs 
based on prompting – a set of instructions often given through a natural language 
chat interface (Burkhardt & Rieder, 2024). Subsequent shifts into so-called ‘agentic’ capa
bilities have further cemented the models’ abilities to interact with existing software pro
ducts, allowing human interlocutors to instruct them in performing tasks beyond text or 
image generation, mostly through software development (Sapkota et al., 2025).

A key differentiating aspect of the current generation of AI technologies is their sup
posed ‘generality’. Unlike previous iterations of AI and machine learning techniques, pre- 
trained on known datasets to perform specific actions, the transformer and attention 
architecture underpinning LLMs has, according to proponents, made it applicable to a 
wide variety of tasks (Luitse & Denkena, 2021). Even more enthusiastically, AI has 
been heralded as the next General Purpose Technology (Stackpole, 2024), similar to elec
tricity or the Internet (Trajtenberg, 2018). Goldfarb et al. (2023) define a General-Pur
pose Technology as the confluence of its potential for innovation (subsequent 
technologies dependent on it) and actual widespread application (amount of people actu
ally using the technology), with an emphasis on specific industries. Based on an empirical 
analysis of online job data, Goldfarb et al. (2023) argue that machine learning may 
already be a ‘general-purpose’ technology because of its evident potential for ‘large- 
scale economic impact’ (Goldfarb et al., 2023, p. 1). Similar claims have been made 
about both generative AI (Steinhoff & Hind, 2025) and LLMs (Eloundou et al., 2023).

The economic promise of generality, combined with soaring valuations and invest
ment in general-purpose model companies such as OpenAI or Anthropic, has led to sig
nificant reorganisation of AI research, a redirection of AI funding, and a resetting of AI 
priorities. Across this period, some have proclaimed an imminent ‘existential risk’ from 
AI (Hern, 2024), centred on the prospect of Artificial General Intelligence (AGI) – 
models capable of surpassing human cognitive abilities. Such claims remain suspect, 
either through overstatement of perceived ‘intelligence’ or through the obvious, huge, 
computational costs and resource limits necessary to ‘scale’ such AI systems (Narayan, 
2022). Some industry commentators now warn that the tide is shifting due to the unsus
tainable requirements to train the next generation of models compared to their utility 
(Wong, 2024). Researchers in computer science also caution against grand proclama
tions, particularly when promised scientific breakthroughs replace existing methods 
(Narayanan & Kapoor, 2025). Nonetheless, ‘regardless of its veracity, hype is an 
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important object of study, and it should be considered in any interrogation of AI’ 
(Kotliar, 2025, p. 16).

In the autonomous vehicle industry, this new hype has challenged the tradition of 
supervised learning and data annotation. A central shift occurred from relying on mostly 
human-annotated existent data, to training generalisable models on synthetic, broad 
data, a process that Mitrokhov (2024) calls a transition from world models (that represent 
the known world) to model worlds (that simulate a simplified version of it for agentic 
training). A new generation of autonomous vehicle firms have emerged that have sought 
to re-incorporate these LLM innovations, as we discuss later in the article.

In the remainder of this section, we introduce four innovations that we argue are key 
to the claims being made around the wider applicability and generality of LLMs.

Foundations

Generative AI is based on transformer architectures and foundation models, a term that 
‘captures the “unfinished character” (CRFM, 2022, p. 6) of these systems, and “highlights 
their role as base infrastructures for various uses and applications”’ (Burkhardt & Rieder, 
2024, p. 3). Preceding generations of models use neural nets to extrapolate from pre- 
annotated data or use generative adversarial networks (GANs) and diffusion models to 
produce realistic images by processing huge amounts of similar pictures. Foundation 
models have historically not, therefore, been trained for task-specific purposes, unlike 
many preceding approaches. The ‘prompting’ component typical of foundation models 
highlights this– requiring a user to specify the task at hand by designing a bespoke query 
for a foundation model to execute. Whilst this does not mean that foundation models are 
not trained for any tasks at all – OpenAI’s technical report for new models evaluates its 
performance based on multiple benchmarks, from bar exams to language translation 
(OpenAI, 2025a)– using a model requires a reasonably skilled design of prompt queries 
that can extract actual task-specific value from the model itself. However, recent devel
opments suggest greater specification, with firms like OpenAI maintaining parallel 
model families differentiated by function (OpenAI, 2025b; 2025c) and Apple designing 
on-device foundation models for task-specific functions rather than general-purpose 
conversation (Apple, 2025).

Multimodality

Two key components for both training and output of the latest generation of foundation 
models are their multimodal training and scaling laws. Unlike models trained on text or 
images only, newer versions are incorporating various types of data in their training cor
pora (Li et al., 2023), scaling their abilities to work with originally unplanned use cases. 
Moreover, training new models benefits greatly (on a log scale) from scaling laws, where 
the more data and parameters one uses, the better the outcome (Kaplan et al., 2020). 
Initial evidence suggests that multimodal training furthermore improves performance 
in unexpected ways (Le, 2023). For instance, ‘video scraping’ innovations have enabled 
agents like Google’s Gemini 1.5 to extract and collate relevant information from screen 
recordings (e.g., email interfaces) into text (Edwards, 2024), and agents such as OpenAI’s 
Operator and Anthropic’s Claude ‘computer use’ tool can now execute user prompts by 
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autonomously navigating web interfaces or, more recently, controlling a user’s entire 
desktop environment (Anthropic, 2026; OpenAI, 2025c). In such cases, video and inter
face control are clearly being positioned as ‘the next text’ by industry actors, despite 
difficulties in verifying the capabilities of models deployed in limited contexts or 
under experimental conditions, and acknowledged needs for human oversight (Ferreira, 
2026). These approaches have serious ramifications for who can participate in the new 
multi-modal model space, increasing reliance on Big Tech firms already dominating 
the generative AI ecosystem (Narayan, 2022; van der Vlist et al., 2024).

Parallel tokenization

When training on a large dataset, developers first use a ‘tokenizer’ to reduce the corpus to 
the smallest viable units of meaning. While it’s possible to tokenise each single character 
(or pixel), in practice, this is not feasible for current hardware and software limitations. 
For text, these are usually (parts of) words that repeat in the corpus. ‘Tokenization’ thus 
may be converted to ‘token’ and ‘ization’ tokens. Each token then gets transformed into a 
numerical vector in a multidimensional space (a process called embedding) that encodes 
their relationship in the corpus. It is through this process that ‘meaning’ is achieved 
within the model (Wolf et al., 2020). While the conversion of complex phenomena 
into discrete bounded tasks is not a new phenomenon in computer sciences, common 
to both digitalisation (Agre, 1994) and simulation processes (Hind, 2024b; Steinhoff & 
Hind, 2025) in particular, the distinction here is that tokens are processed in parallel 
using the attention mechanism rather than sequentially or linearly. This furthers the 
abstraction level of the model and black-boxes it even from its developers, arguably pav
ing the way for the ‘tokenization of everything’ by chip firms like Nvidia, as recently 
reported (Foley, 2025).

Epistemic distillation

A final controversial LLM ‘innovation’ is its relation to truth. Foundation models tend to 
‘hallucinate’ or ‘confabulate’ answers, presenting things that are fundamentally untrue, 
convincingly (Förster, 2023). Explanations for this vary, from the basic principles of 
LLMs’ next-word prediction approach (Douglas Heaven, 2024) to model ‘overfitting’ 
and poorly implemented human evaluation ‘alignment’ processes (Ji et al., 2025). By 
default, generative models are good at creating ‘averages’ of their tokenised inputs, 
‘mean images’ that ‘represent the norm by signalling the mean’ (Steyerl, 2023, n.p.). In 
practice, models often demonstrate a tangential relationship to the truth, gleaned 
through the tokenization and embedding process and refined through post-training 
weighting, rather than in any clear ruleset. Hicks et al. (2024) suggest treating this under
lying proposition as ‘bullshit’ (Frankfurt, 2005) with models being ‘agnostic’ on truth. 
Instead, model outputs should only be understood as reflecting correlation within its 
training data and thus primarily ‘portray[ing] itself as a “normal” interlocutor like our
selves’ (Hicks et al., 2024, p. 38). Frontier AI labs now routinely invest massive resources 
in ‘mechanistic interpretability’, attempting to trace internal epistemic pathways of their 
models (Ameisen et al., 2025), advocating techniques like ‘distillation’, where ‘student’ 
models learn from ‘teacher’ models capable of ‘transfer[ing] their rich world 
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understanding’ (Waymo, 2025, n.p.) to everyday situations. Yet even these efforts have 
revealed troubling findings: models can fabricate fictitious reasoning processes, and 
the techniques themselves may work less well for the newest generation of ‘reasoning’ 
models that are fast becoming the industry standard (Douglas Heaven, 2026).

Method

Our two-step ‘technographic’ analysis (Bucher, 2018; van der Vlist et al., 2024; Woolgar, 
1999), draws on the study of an annual industry event, Nvidia GTC 2024, referred to as 
the ‘Woodstock of AI’ (IN-2025). Held annually in San Jose, California (USA) by the chip 
firm Nvidia, CEO Jensen Huang typically uses the event to announce new products and 
innovations, such as advances made in the semiconductor chips used by autonomous 
vehicle firms. These ‘rock concert-style’ events have long been used within the tech 
industry to stimulate excitement and anticipation around new product launches, from 
Bill Gates and Steve Ballmer’s eccentric dancing at the release of Windows 95 to Steve 
Jobs’ iconic announcement of the Apple iPhone at MacWorld 2007.

We follow an established tradition within media studies and science and technology 
studies (STS) of utilizing industry events as a focal point for analysis of sociotechnical 
imaginaries (Bucher, 2017; Jasanoff & Kim, 2013) and technological ‘hype’ (Funk, 
2019; Kotliar, 2025), used to examine fields as varied as gambling machines (Schüll, 
2014), web cartography (Dalton, 2015), and VR technologies (Egliston & Carter, 
2022). We treat industry material not as neutral evidence of technological capability 
but as discursive interventions that construct particular narratives of innovation, failure, 
and reinvention, consistent with broader STS and media studies approaches to techno
logical hype and sociotechnical imaginaries.

At Nvidia GTC 2024, a session was hosted by Nvidia Drive, Nvidia’s automotive arm, 
to demonstrate how new AI approaches could benefit – and arguably, were already ben
efiting – autonomous vehicle development (NV-2024a). In two separate presentations 
Alex Kendall (CEO of Wayve) (WAY-2024) and Raquel Urtasun (CEO of Waabi) 
(WAA-2024b) proudly claimed the beginning of a new era of autonomous driving: 
AV 2.0. In section three we detail both innovations launched at the event: Wayve’s 
GAIA 1.0 and Waabi’s CoPilot4D.

Our empirical material comprises 41 sources spanning 2022–2026, drawn from four 
categories of grey literature: firm communications (product announcements, technical 
blogposts, investor materials), technical preprints and papers (primarily hosted on 
ArXiv),1 trade and broadsheet journalism, and political/regulatory documents. A full 
list of these sources, classified by type, is provided in Appendix 1. This material was 
not assembled as a bounded corpus subject to systematic sampling; rather, following 
established technographic practice, it was gathered iteratively through the study of the 
two self-proclaimed ‘AV 2.0’ firms that presented at its Drive session,2 while investigating 
the claims made through the sources mentioned above.

These firms were selected not as representative cases of the autonomous vehicle indus
try at large, but as emblematic proponents of LLM-driven approaches whose public 
claims around these alleged technical breakthroughs warrant further scrutiny. The 
four-limit typology (technical, economic, financial, regulatory) emerged through sus
tained interpretive engagement with this material, rather than through a pre-determined 
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coding scheme. We understand and frame these innovations as examples of how LLM- 
style approaches are being used by actors in the autonomous vehicle industry to suppo
sedly overcome these limits. In the below, we detail these four limits before evidencing 
the two applications of LLM innovations in the following section.

The limits to AV 1.0

Technical limits

Technological innovations in machine vision, software development, and fleet manage
ment have so far not been able to deliver a fully-autonomous driving experience.

Common rule-based, or ‘taxonomical’ approaches to machine vision have proved too 
labour-intensive. These have required the categorisation of every object in a driving 
environment (bicycle, pedestrian, traffic cone etc.) into discrete ‘classes’, combined 
with rules for how autonomous vehicles should react to a growing collection of events, 
including complex ‘sub-rules’ for sub-classes of objects (i.e., small and large traffic 
cones). These approaches have relied on dividing the driving world up into constituent, 
identifiable parts, based on the translation of sensor inputs (e.g., from cameras) into vec
tor-based outputs (e.g., bounding boxes). These methods have not been able to spot 
‘occluded’ objects (e.g., a cyclist hidden behind a van), requiring additional compu
tational techniques (Figure 1).

Dominant engineering approaches have favoured sequential, modular, development 
cycles. This has prevented the development of ‘interoperable’ systems capable of synthe
sising different data streams to make decisions. Waabi CEO Raquel Urtasun has sum
marised these issues as related to ‘slow development cycles’ dependent on ‘real-world 
testing miles’ in which vehicle systems still fail to ‘generalize skills to new geographies 
and unseen cases’ (WAA-2024b). Prospective ‘robotaxi’ operators have failed to manage 

Figure 1. ‘Why self-driving harder than anticipated?’. A slide from Raquel Urtasun’s presentation at 
NVIDIA GTC 24 (WAA-2024b).
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vehicle fleets. This has delayed the wider public rollout of robotaxis beyond specific test 
cities such as San Francisco (VE-2023), as operators have underestimated the extent to 
which vehicle fleets must be maintained, including the regularity with which vehicles 
break down, and the need for both remote and in-person assistance.

Economic limits

Economic developments in business models, product design, and market competition 
have also stalled the deployment of autonomous vehicles.

Leading automotive firms such as Toyota, Volkswagen, Honda, Ford, and Hyundai 
still constitute 29.5% of global automotive sales in 2024 (ST-2025). Such ‘legacy’ manu
facturers have struggled to adapt to new market realities (FI-2024a; WI-2026), opting 
instead to build driver-assistance products that stop short of offering holistic auton
omous capabilities. Ford’s BlueCruise system, designed for ‘hands-free’ motorway driv
ing, can only be activated in designated zones and is made available in select vehicle 
models (FO-2024a).

At the same time, industry ‘disruptors’ have so far failed to integrate autonomous 
vehicles into platform business models. Uber’s robotaxi operation (Uber ATG) was 
acquired by a rival (Aurora) in 2020 after a fatal accident involving one of its vehicles, 
and has since resorted to partnering with other autonomous vehicle firms (Pony.ai, 
Waymo) and fleet management operators (Verne) to attempt to scale their robotaxi ser
vices across different markets (UB-2023; UB-2026). Chinese electric vehicle firms mean
while have provided global competition to Western manufacturers. Shenzhen-based 
BYD has full ‘vertical’ ownership of their automotive supply chain, from lithium 
mines to semiconductor production (BY-2022), outsold Tesla in 2023 (FI-2024b), and 
now constitutes 4.5% of global automotive sales, with a higher market share than both 
Honda (4.4%) and Ford (4.3%) (ST-2025), prompting the US and EU to levy substantial 
tariffs on imported Chinese EVs (CN-2024; EU-2024; IE-2025).3

Financial limits

Financial developments in macroeconomic policies, venture capital investments, and 
asset classes have similarly presented challenges to the development of autonomous 
vehicles.

Global inflationary pressures have dampened tech investments. From 2008 to 2022, 
tech investments ‘flowed freely’ (WE-2024) thanks to zero interest-rate policies. Yet 
since 2022, governments around the world have raised interest rates to control inflation 
(GU-2023) with the rise of AI and LLMs threatening to reduce remaining available capi
tal to autonomous vehicle projects, agreements, and collaboration (GU-2023).

Automotive manufacturers have attempted to ‘assetize’ vehicular data on top of their 
‘ordinary’ function as mobility vehicles, enabling automotive firms to envision additional 
‘rent’ from vehicle options and vehicles, often through subscriptions (BM-2025). Ford’s 
BlueCruise driver assistance system, for example, is only available to users through a 
monthly ($49.99) or annual ($495) subscription service rather than as an integrated fea
ture available at point of purchase (FO-2024b).
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Regulatory limits

Regulatory pressures regarding testing incidents, licencing protocols, innovation prin
ciples, and civic activism have hampered the development of autonomous vehicles.

Publicly-tested autonomous vehicles have been involved in multiple incidents. These 
have included fatal crashes (VE-2019), undisclosed involvement in accidents (VE-2023), 
and robotaxis waking city residents up by ‘honking’ through the night (VE-2024). 
Bespoke licencing procedures have been heavily criticised. In San Francisco, dedicated 
permit routes – the Autonomous Vehicle Passenger Service Programs (CP-2024) – 
were launched by the California Public Utilities Commission (CPUC), responsible for 
taxi licences in the city, with a former autonomous vehicle executive casting a decisive 
vote to allow the expansion of robotaxi tests (WAS-2023). Yet prospective operators 
have refused to publicly release the permit-required operational data citing confidential
ity implications (SF-2023).

Municipal transport authorities like the San Francisco County Transportation Auth
ority (SFCTA) have contended that robotaxi firms need to pursue an ‘incremental’ 
approach to innovation, cleared to expand operations only on successful completion 
of previous milestones. Such an approach, they argued, would ‘offer the best path towards 
public confidence in driving automation and industry success in San Francisco and 
beyond’. (SF-2023). Citizen groups have exerted pressure on policymakers and engaged 
in forms of direct action to limit, or stop, autonomous vehicles. This has included union 
support for banning robotaxis in Boston (BO-2025), and setting fire to Waymo robotaxis 
during protests in Los Angeles and other cities (GU-2024; NY-2025), with the vehicles 
perceived as representative of a rising tech-led authoritarianism (Table 1).

AV 2.0: LLMs as overcoming limits

Using Nvidia GTC 2024’s Nvidia Drive session as an entry point, the article has so far 
examined the difficulties faced by an industry always just ‘a few years’ away from a 
world of autonomous driving. In these cases, the technical limits of machine vision, 
for example, have come up against the economic limits of platform business models, 
whilst the financial limits of assetization have been matched by an unpredictable global 
regulatory environment.

Table 1. Technical, financial, economic and regulatory limits to autonomous vehicles.
Technical Financial
. Need for infinite hard-coded rules, categories, 

instructions
. Object-recognition errors and performance
. System interoperability (up/downstream 

operational ‘pipeline’)
. Maintenance, supervision, and intervention issues 

(e.g., robotaxis)

. LLM/genAI withdrawing capital funds and VC investment

. Continuing high capital expenditure

. ‘Assetization’ of vehicles (data extraction, rentierism)

Economic 
. Market power of established automotive firms
. Failed platform model implementation
. Rise of Chinese automotive firms (e.g., BYD)

Regulatory 
. Public failures of robotaxis (e.g., Cruise in San Francisco)
. Licencing disputes
. Collective pushback from interested parties (e.g., municipal 

transport authorities)
. Rising civic activism (e.g., Safe Street Rebel)
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In this section, we examine two companies that have claimed to have leveraged the 
power of general-purpose LLMs to address these challenges. The first is Wayve, with 
its GAIA 1.0 model, which uses ‘video prompting’ techniques to generate training 
data, and the second is Waabi’s CoPilot4D, which promises to allow autonomous 
vehicles to understand their environment better through ‘parallel tokenization’.

Video prompting: wayve GAIA 1.0

Wayve describes GAIA 1.0 as a ‘new generative AI model’ built to create ‘realistic driving 
videos by leveraging video, text and action inputs’ (WAY-2023a). By learning to ‘predict 
the subsequent frames in a video sequence’ (WAY-2023a) drawn from real-world data 
collected by Wayve vehicles, GAIA 1.0 ‘resembles the approach seen in large language 
models (LLMs)’ (WAY-2023a), typically referred to as a Vision Language Model 
(VLM) (IB-2025). Here the stated task of GAIA 1.0 is to be able to generate potentially 
infinite numbers of driving scenes and scenarios in order to train a model capable of not 
only recognising objects in the world, but possible (and likely) interactions – and confl
icts – between them (Figure 2).

GAIA 1.0 is presented as more than simply an incremental step in building a machine 
vision system for use in the domain of autonomous driving. It is a ‘game-changing gen
erative AI research model’ (WAY-2023a), providing ‘new possibilities for innovation in 
the field of autonomy, enabling enhanced and accelerated training of autonomous driv
ing technology’ (WAY-2023b). The ‘true marvel’ of GAIA 1.0 ‘lies in its ability to mani
fest the generative rules that underpin the world we inhabit’ (WAY-2023a).

The main LLM innovation here is video prompting, making use of foundation models 
to offer engineers the possibility of generating a huge volume and variety of synthetic 
video sequences. This claims to be able to offer an entirely new horizon for autonomous 
vehicle development, with firms like Wayve no longer limited by data they can capture in 
real-world environments or acquire through other means, like dashcam footage, or even 
by the expertise of their engineers to design appropriate text-based prompts. The promise 

Figure 2. Simulated driving scenes generated by GAIA 1.0 (WAY-2023b).
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is further exacerbated by the emphasis on Nvidia’s generative AI-ready stack, with Ken
dall saying that the chip giant’s GPUs and software stack are what allows Wayve ‘to build 
billion-parameter models trained on petabytes of data’ (NV-2024b).

Accordingly, it seeks to overcome technical, economic, and likely also the regulatory 
limits of past approaches to autonomous driving. Regarding technical limits, video 
prompts offer the possibility of generating a near-infinite volume of scenarios, multiply
ing the diversity of driving scenes and interactions even where ‘edge cases’ (i.e., rarely 
occurring incidents) persist. Regarding economic limits, video prompts offer the pro
spect of reducing costs of data collection down to the price of compute required for 
model training (Steinhoff, 2024). Whilst certainly not zero, it reduces the ongoing 
expense of operating a large vehicle fleet for data collection purposes and concomitant 
regulatory hurdles of permits to run real-world tests in multiple locations.

Yet the use of video prompting to generate synthetic data is not without consequences. 
As Jacobsen (2021) discusses, synthetic data techniques, such as using GANs, have long 
been touted by the autonomous vehicle industry as a way of solving a ‘hard miles’ pro
blem of finding edge case scenarios in real-world driving data, as suggested by the foun
der of UK autonomous vehicle provider, Oxa, at a previous GTC event in 2021 (Jacobsen, 
2021). Despite being supposed to be able to bridge the so-called ‘reality gap’ between real 
and simulated worlds, techniques such as ‘domain adaptation’ (where real images are 
used to train GANs) or ‘domain randomization’ (where objects are randomly inserted 
into simulations) still rely on conventional data (Steinhoff & Hind, 2025), requiring con
tinuous collection.

By comparison, if firms like Wayve decide to use synthetic scenes for video prompting, 
there is the possibility of ‘model collapse’, ‘a degenerative process whereby models forget 
the true underlying data distribution’ (OX-2024) and begin to perform poorly through 
further model iterations. Switching entirely to synthetic data generation, in part through 
using synthetic video prompts, would therefore likely lessen the accuracy of machine 
vision systems being developed to recognise road users in a wide range of street scenes 
and driving scenarios. Only through combining real and synthetic data, or ‘data accumu
lation’ (OA-2024), might model collapse be avoided entirely (Table 2).

Parallel tokenization: Waabi copilot4D

Waabi describe CoPilot4D as a ‘novel world modeling approach’ that ‘tokenizes sensor 
observations’ to ‘unlock the power of GPT-like unsupervised learning for robotic agents’ 
(WAA-2024a). Understood as a ‘spatio-temporal transformer for world modeling’ 

Table 2. Recent innovations to overcome limits to autonomous vehicle development.

Autonomous 
vehicle firm

Autonomous 
vehicle 

innovation AI technology LLM innovation
Limits 

overcome Possible issues

Wayve GAIA 1.0 Vision 
Language 
Model (VLM)

Video prompting Technical, 
economic, 
regulatory

Continued real world 
data reliance, model 
collapse

Waabi CoPilot4D World model/ 
agent 
forecasting

Parallel tokenization Technical, 
financial

Token exponentialism, 
computational 
parallelism
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(WAA-2024c) – Waabi’s CoPilot4D is reported to perform three times better than rival 
forecasting models (WAA-2024c). Here, the stated task of CoPilot4D is to predict the 
future state of an autonomous vehicle compared to other agents (road users) in any 
given scene. Such efforts join the growing attempt to build spatial ‘world models’ (Mitro
khov, 2024), such as Niantic’s Large Geospatial Model (LGM), that condense and extrap
olate physical knowledge in a spatial equivalent of LLMs (NI-2024), as exemplified by 
Niantic’s partnership with robot delivery operator Coco Robotics (NI-2026) (Figure 3).

The principal LLM innovation is parallel tokenization, designed to apply the concept 
to objects (i.e., pixels) comprising video footage captured of street scenes and driving 
scenarios. Similar to the notion of attention in LLMs, the model allows for a much larger 
context window that carries a persistent ‘understanding’ of the world and the various 
entities (other cars, pedestrians) inhabiting it. The intention is that parallel tokenization 
will be able to offer unsupervised learning in a domain where supervised learning is the 
norm due to the complexity of the environments being modelled. ‘The task’, as they con
sider, ‘is essentially about building an unsupervised world model on Lidar sensor obser
vations’, alone (WAA-2024c). In doing so, the same model trained in the simulation 
should be able to extrapolate itself in real-world conditions, including when encounter
ing geographical features not originally found in the training data.

The limits that parallel tokenization is designed to overcome are therefore both tech
nical and financial by generating world models directly from sensor observations. Super
vised learning’s hard-coded approaches to classifying objects have historically resulted in 
incorrect object classification and vehicle responses (VE-2019). They also carry substan
tial labour and data integration costs typically required to build, classify, and maintain 
training datasets.

The clear issue with applying parallel tokenization to autonomous vehicle object-rec
ognition processes is the sheer volume and variety of object trajectories in any one given 

Figure 3. CoPilot4D’s ‘tokenize everything’ approach to the 3D world (WAA-2024a).
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scene/scenario. In essence, that the total number of tokens needed to be generated for 
each frame or sequence of frames is of a much higher degree of magnitude than needed 
for text corpora – as each scene is likely to involve a certain number of objects of interest 
(i.e., road users, terrain features, street signs).

A secondary issue of parallel tokenization is therefore the computational capacity 
needed to perform such processes ‘online’, in real time, and in parallel. As the designers 
write again, ‘in domains such as autonomous driving, a single observation has tens of 
thousands of tokens, so parallel decoding of tokens becomes a must.’ (WAA-2024c). Par
allel approaches have also been commonplace in the development of autonomous 
vehicles, from parallel sensor systems (MO-2020) to parallel fixed-function and gen
eral-purpose processing (MO-2025).

Discussion: driving innovation?

In this discussion, we reflect on the wider implications of our analysis. These can be sum
marised as follows: the desire of tech firms to reduce human labour, the computational 
burden of parallel computing, the growing ‘assetization’ of vehicles, and the social risks of 
epistemic uncertainty.

Alex Kendall’s remarks about the desire for ‘non-supervised’ learning driven by video 
prompting are emblematic of aspirations within the industry to reduce reliance on ‘invis
ible’ human data work that AI systems require (Gray & Suri, 2019). Yet regulatory issues 
around the labour conditions of AI ‘verifiers’ (Tubaro et al., 2020) and the expertise of 
remote vehicle operators or ‘interveners’ (Hind, 2022) are only set to intensify in AV 
2.0 (Hawkins, 2026). Tech firms are well-versed in these controversies, and have long 
sought to obscure reliance on human data work, whether for AI verification, remote 
operation, or social media content moderation (Roberts, 2019). Here, we see a continu
ation of making workers into ‘data assets’ (Van Doorn & Badger, 2020), where existing 
human labour is leveraged into a speculative future in which workers will no longer be 
needed.

Urtasun’s belief in parallel tokenization extends interest in parallel computing. Such 
methods make further use of Graphics Processing Units (GPUs), first developed by Nvi
dia for computer game graphics in the 1990s, and sensor-driven smartphone cameras in 
the 2010s (Mackenzie & Munster, 2019). The application of computational ‘parallelism’ 
to world modelling, therefore, will only exacerbate the computational burden of LLMs 
due to the huge volumes of 3D visual data needing to be processed. Either through 
the extraction of real-world data or the generation of synthetic data, the approaches 
will likely exacerbate the environmental impact of AI, dependent upon the construction 
of more energy-intensive data centres required to enable the growth of AI-dependent 
technologies (Hogan, 2015; Rone, 2023; Valdivia, 2025).

To scale, both innovations will likely need to contribute to the ‘assetization’ of vehicles 
like other digital products (Bernevega & Gekker, 2022; Birch & Muniesa, 2020). Whilst 
arguably a more recent phenomenon, driven by digital platforms, Forelle and Shapiro 
(2024) place the shift towards rentier, subscription models in the wider automotive 
industry within a longer history of its financialization since the 1980s. Like loans and 
insurance products, ‘subscriptions produce positive cash flows that extend in time 
towards some horizon of futurity’ (Forelle & Shapiro, 2024, p. 151), enabling automotive 
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firms to develop entirely new revenue streams in addition to those developed over the last 
40 years. Waabi and Wayve point to how general-purpose AI models might extend the 
trend further into autonomous vehicles: training and inference are ‘compute-hungry’, 
which firms might seek to fund through assetization or similar revenue models.

Finally, both companies also considerably underplay the epistemic uncertainty of 
LLMs. While Urtasun mentions that ‘explainability’ is important for both technical 
(efficiency) and regulatory (responsibility) reasons, underlying issues go unacknow
ledged. The same thing that makes LLMs exceptionally fitting for solving the limits of 
autonomous driving – their generality – makes them particularly dangerous when 
applied to real-world driving scenarios. Whereas a ‘hallucinating’ chatbot might result 
in a failed student essay, a ‘hallucinating’ car poses far greater social risk. As Le (2023) 
notes, LLMs still struggle with ‘long-tail’ events not present in training data, and are 
unable to ‘maintain coherent performance over longer time horizons’ (Backlund & 
Petersson, 2025, p. 1). Translating these innovations to real-world driving situations 
will require much more domain-specific research into the social consequences.

Conclusion: driving hype?

As this article has argued, proponents have sought to bring the curtain down on AV 1.0, 
the consolidated attempt over the last decade to commercialise autonomous vehicles. Yet, 
rather than disappear entirely, a supposed new dawn has risen – AV 2.0 – driven by LLM- 
style innovations. Intended as a clean break from well-documented past failures, AV 2.0 
has driven a new wave of hope – and hype (Kotliar, 2025). Yet to do so, these stated new 
technologies still need to tackle a series of limits that have foiled the commercialisation of 
autonomous vehicles before. As we have argued, these limits – technological, financial, 
economic, and regulatory – will not be easily overcome, requiring much more than 
Big Tech bravado to surmount.

The article has examined two innovations of this emerging era, each underpinning the 
announcement of new technologies by two autonomous vehicle firms, Wayve and Waabi. 
Despite the stated technical innovations of Wayve’s GAIA 1.0 or Waabi CoPilot4D – 
attempts to develop ‘video prompting’ and ‘parallel tokenization’ dependent on LLM 
techniques – hard limits to autonomous vehicles remain. The innovations discussed in 
this article had forced autonomous vehicle firms to retreat to the research lab, placing 
their faith in general-purpose, LLM-style, approaches to drive a new era of prospective 
commercialisation. At present these bets remain just as provisional as past attempts, 
requiring continued ‘breakthroughs’ not only in technical work in novel approaches 
like video prompting or parallel tokenization but in financial, economic, and regulatory 
spheres too.

We draw three final conclusions from our analysis. First, it is important to be alert to 
discursive claims of ‘general-purposivity’ as LLMs and generative AI products work their 
way into new industries and worlds (Kotliar, 2025). Whilst it is likely that some claims 
about the general-purposivity of LLMs will continue to be imported ‘wholesale’ into 
applied domains, discursive claims also invariably undergo modification, suited to the 
cultural norms and expectations within each specific industry. Wayve’s promise of ditch
ing the costly human aspect of autonomous vehicle training resonates with Big Tech’s 
long-held dreams of automating away a ‘pesky’ human workforce. As the case of 

14 A. GEKKER AND S. HIND



autonomous vehicles demonstrates, ‘general’ technologies in the lab always require spe
cification in the real world.

Accordingly, it is crucial to examine how techniques of general-purposivity (Burkhardt 
& Rieder, 2024) are being developed to suit operational needs and requirements within 
specific industries and sectors, as part of AI’s ongoing ‘industrialisation’ (van der Vlist 
et al., 2024). As exemplified by Waabi, the computational demands of new LLM-style 
methods easily outstrip available resources. In such cases, the innovations behind 
LLMs do not necessarily translate into new contexts, but require the further reshaping 
of existing norms, methods, and workflows.

Then lastly, it is useful to consider how the value of general-purposivity is likely to be 
generated in and circulate through particular industries, and the extent to which LLM- 
style innovations will continue to rely – in one way or another – on the infrastructural 
power of Big Tech and AI firms (Luitse, 2024). The computational, human, and environ
mental costs should be taken into account when evaluating – and contesting – inflated 
claims to the general-purposivity of LLMs, whether in the tech industry or the many 
new industries being asked, encouraged, or indeed forced to adopt them. In other 
words, it is necessary to figure out who exactly is driving the hype and why.

Notes

1. We recognise that claims made in ArXiv papers – and on similar preprint servers – are not 
subject to peer review. Even when they do, it is often impossible for other researchers to repli
cate what they claim due to lack of access to the kinds of resources (be they data or compute) 
at hand inside the firms. However, as stated in our overall approach, we see this as part of the 
discursive claims made by the AI companies, similar to their reports and video presentations.

2. A third presenting company, Nuro, was not included in the analysis as they were neither a 
significant autonomous vehicle firm in AV 1.0 nor have explicitly used the AV 2.0 term. As 
such they have not contributed to discursive framings of a ‘rebooting’ of the autonomous 
vehicle industry across this time period. For similar reasons, two representatives of major 
automotive companies (Ford and Jaguar) did not present information that warranted 
inclusion in the case studies.

3. Fellow Chinese automotive firms Geely and SAIC were hit with higher tariffs for allegedly 
failing to cooperate fully with the European Commission’s investigation (RE-2024).
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