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Abstract Artificial intelligence (AI) is undergoing a fundamental transition from digital representational models to embodied, physically

situated systems. This position paper characterises this shift as the crossing of an embodiment threshold, where AI’s operational capacity

becomes integrated with physical environments and neural substrates. We argue that this transition is defined by a profound evolutionary

tempo mismatch between rapid algorithmic iteration and the millennial-scale inertia of biological evolution. By synthesising advances in

flexible bioelectronics and high-bandwidth neural decoding, we examine the biophysical mechanisms that could enable human–machine

symbiosis while exposing the thermodynamic and material constraints that accompany this trajectory. In particular, we contrast the

brain’s highly efficient metabolic architecture with the resource-intensive scaling of silicon-based computation, highlighting the risk that

the infrastructure required for large-scale augmentation may produce durable socio-technical stratification. We therefore contend that

the central challenge of this era lies in governing neuro-computational co-evolution rather than merely regulating standalone AI systems.

In this context, governance is not merely a regulatory constraint, but a deliberative mechanism for shaping whether, how, and under

what conditions deeper human–machine integration should proceed. To address this shift, we propose an adaptive governance framework

centred on infrastructural legibility, operational safety, and neural privacy. This roadmap outlines a strategic architecture for navigating

the transition towards secure and equitable forms of human–machine symbiosis.
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1 Introduction

The historical trajectory of human biological and cultural adaptation can be understood as a gradual externali-
sation of physiological and cognitive functions. The emergence of spoken and written language extended working
memory and enabled cumulative knowledge transmission across generations, facilitating increasingly complex forms
of social coordination [1]. The industrial revolution shifted metabolic labour into mechanical systems governed by
thermodynamic efficiency, and the development of classical computing formalised procedural logic and mathemat-
ical calculation in programmable architectures. In these earlier phases, technology largely functioned as a discrete
instrument, activated and supervised by human operators within clearly bounded contexts.

The rapid proliferation of AI introduces a distinct dynamic. Algorithmic systems are no longer confined to narrow
computational tasks. Instead, they increasingly operate as distributed infrastructures that influence scientific re-
search, industrial systems, and everyday decision-making [2,3]. The long-articulated vision of ubiquitous computing
has re-emerged as intelligence services become deeply embedded in consumer devices, networked environments, and
edge architectures [2].

Over the past decades, machine learning has evolved from symbolic programs and expert systems to large-scale
deep learning architectures and foundation models [4,5]. These systems process natural language, visual data, and
heterogeneous sensor streams with increasing generality [6, 7]. Empirical scaling laws indicate that performance
improves predictably with training compute, data volume, and parameter count [8,9]. Phenomena such as few-shot
prompting and in-context learning demonstrate that generalised models can adapt to new tasks without task-specific
retraining [10]. Furthermore, contemporary multimodal systems are continuously updated and redeployed across
global infrastructures with relatively low marginal costs.
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Table 1 Key concepts and operational definitions.

Concept Operational definition

Embodiment threshold The transition point at which an AI system moves beyond offline symbolic inference and en-

ters a closed-loop relationship with a physical environment, the human body, or neural tissue.

Operationally, this threshold is defined by three criteria: task-relevant interaction bandwidth,

persistent or continuously available integration, and sensory–motor coupling. The threshold is

therefore graded rather than fixed: robotic systems, wearable bioelectronics, and closed-loop

BCIs represent progressively deeper forms of embodiment.

Evolutionary tempo mismatch The quantifiable disparity between the millennial timescales of human biological adaptation and

the sub-decadal iteration cycles of modern algorithmic systems, measured through comparative

rates of functional change.

Directed co-evolution A deliberate, governance-mediated process by which human biological capacities and machine

intelligence are jointly shaped, in contrast to passive co-evolution driven solely by market forces

or natural selection.

Biological-technological stratification A durable socio-economic divide between individuals or populations who have access to

performance-enhancing human–machine integration, including cognitive prosthetics and pre-

dictive health monitoring, and those who remain constrained by un-augmented biology.

These developments reposition AI as a field with broad scientific and economic implications [11]. Modern systems
integrate perception, statistical inference, and real-time control, enabling them to generate persuasive content
and autonomously coordinate physical devices at scale. A further critical transition is now emerging as scalable
intelligence moves from digital representational domains into physical environments. The integration of vision-
language-actionmodels, advanced robotics, and brain-computer interfaces (BCIs) suggests a transition from advisory
systems towards situated agents capable of direct material interaction and neural modulation [12–14].

As the rate of algorithmic iteration differs markedly from biological evolutionary timescales, this transition raises
significant governance questions. Prevailing regulatory approaches have largely focused on privacy, intellectual
property, and content integrity [15, 16]. However, systems that autonomously perceive, plan, and execute actions
in physical or neural domains introduce complex safety and accountability challenges [17]. Biological adaptation
unfolds over millennial timescales, whereas socio-technical systems can transform within years, creating temporal
asymmetries in risk exposure. As algorithmic capabilities expand, the disparities between machine processing speeds
and human cognitive limits have the potential to reshape labour markets, knowledge production, and geopolitical
competition [18, 19].

Here we move beyond speculative narratives of AI risk to examine the empirical mechanisms underlying the
embodiment threshold. We first quantify the evolutionary tempo mismatch between biological cognition and al-
gorithmic iteration, establishing the central structural tension of the modern technological era. We then analyse
how advances in flexible bioelectronics and neural decoding enable deeper forms of human–machine symbiosis while
simultaneously revealing thermodynamic and material constraints that may drive socio-technical stratification. By
bridging insights from soft-matter bioengineering and computational governance, we propose an adaptive roadmap
structured around infrastructural legibility, operational safety, and neural privacy. We aim to provide a strategic
framework for navigating the transition from tool-based AI towards an emerging regime of integrated, biologically
coupled intelligence. This trajectory, however, is not an automatic consequence of technological scaling; it depends
on deliberate institutional choices, social acceptance, and governance frameworks that can either enable, redirect,
or restrain the depth of human–machine integration. The key concepts used throughout this position paper are
summarised in Table 1.

2 Quantifying the evolutionary tempo mismatch

The foundational driver for investigating human–machine symbiosis is rooted in a quantifiable temporal and physi-
cal asymmetry. There is a substantial mismatch between the generational pace of natural biological adaptation and
the iterative velocity of algorithmic scaling. Evolutionary biology and palaeoanthropology provide empirical base-
lines for this biological inertia. Anthropological evidence regarding skeletal loading, cortical folding, and bipedal
biomechanics highlights the gradual pace at which biological bodies adapt to rapid technological and environmen-
tal change [20–22]. Major anatomical and physiological adaptations require millennia, encompassing thousands of
generations, to achieve phenotypic fixation within a human population [23, 24]. While cultural and technological
evolution has vastly expanded human cognitive reach through the creation of epistemic tools, the fundamental
processing unit of the human central nervous system remains constrained by its evolutionary substrate.

The structural tension defining this era is most evident when the longitudinal trajectories of biological and
technological change are superimposed (Figure 1). While the phenotypic characteristics of the human central
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Figure 1 (Color online) The evolutionary tempo mismatch between biological cognition and technological capability. The blue curve illustrates

the stabilisation of human brain size (reaching a functional plateau of approximately 1350 cm3) over the past 300000 years, highlighting the

inherent inertia of biological evolution. In contrast, the orange-to-red trajectory depicts the exponential acceleration in technological complexity,

from the first primitive stone tools to the theoretical emergence of artificial general intelligence (AGI). While biological adaptation unfolds over

millennial timescales dictated by metabolic and genomic constraints, the four successive industrial revolutions illustrate that socio-technical

systems evolve on an increasingly compressed timeline. This divergence helps motivate the concept of an ‘embodiment threshold’, where the

widening disparity between biological bandwidth and scalable computation may increase interest in more integrated forms of human–machine

interaction, without making such integration inevitable.

nervous system, including cranial volume and synaptic transmission speeds, have reached a functional plateau, the
complexity of the epistemic tools we deploy continues to scale exponentially. As illustrated, the time required for
major anatomical shifts in Homo sapiens spans hundreds of thousands of years, yet the transition from the first
industrial revolution to the era of ubiquitous computing and AGI has occurred within a mere three centuries. This
divergence confirms that the fundamental processing unit of human biology remains constrained by its evolutionary
substrate, creating a widening performance gap that cannot be bridged through natural selection alone.

Quantitatively, the human brain is an organ of remarkable architectural efficiency but functional physical stric-
tures. It operates on a constrained metabolic energy budget of approximately 20 watts, largely dictated by the
continuous ATP consumption required by sodium-potassium pumps to maintain neuronal resting potentials [25].
While the brain contains roughly 86 billion neurons interconnected by upwards of 100 trillion synapses, the fun-
damental speed of electrochemical neural transmission across synaptic clefts is inherently finite. These signals
propagate at velocities between 1 and 100 metres per second, dictated heavily by the degree of axonal myelina-
tion. Furthermore, due to the absolute refractory periods required for ion channel repolarisation, the maximum
firing rates of individual neurons rarely exceed 100 to 200 Hz. These physical properties, combined with the fixed
architectural volume and thermal dissipation limits of the human cranium, impose upper bounds on individual cog-
nitive bandwidth, working memory capacity, and parallel processing speed. Although the biological brain exhibits
remarkable neuroplasticity, defined as the ability to dynamically rewire synaptic connections based on experiential
learning, this plasticity is functionally bounded. It relies on slow and localised updating rules such as Hebbian spike-
timing-dependent plasticity and must operate under the necessity of maintaining metabolic homeostasis [26–29].
On the evolutionary timescale, a single century of AI development is brief; yet, within this window, machines have
acquired data-processing and generative abilities that human biology cannot match through genetic means alone.

By contrast, the structural mechanisms driving algorithmic capabilities are largely decoupled from biological
homeostasis, though they face distinct macro-thermodynamic limits. The historical trajectory of machine learning
provides a blueprint of accelerating computational capacity [3]. Successive architectural breakthroughs, from the
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early development of convolutional neural networks that pioneered spatial hierarchies [30, 31] to long short-term
memory architectures for sequential data [32], established a highly effective toolkit for complex representation learn-
ing [4]. Crucially, the mathematical operationalisation of the backpropagation algorithm provided the optimisation
principle that made these deep architectures computationally practical [33].

Today, scalable training frameworks, automatic differentiation paradigms, and distributed optimisation protocols
allow researchers to coordinate tens of thousands of specialised processors [34,35]. Unlike biological neural networks,
which rely on localised updating rules [36, 37], deep learning leverages synchronised gradient descent operating at
clock speeds in the gigahertz range and communicating via optical interconnects. Cloud platforms abstract this
underlying hardware complexity to offer massive foundation models as a service [38]. These ubiquitous digital
infrastructures now autonomously manage complex cognitive tasks including semantic memory storage, logical
multi-step planning, and nuanced linguistic generation [39,40]. This transition effectively shifts judgement-intensive
functions from individual humans to statistical systems.

Parallel to these algorithmic breakthroughs, hardware acceleration further widens the evolutionary tempo mis-
match. Sustained scaling in semiconductor manufacturing has continuously enabled dense compute architectures
tailored for highly parallel machine learning workloads [41,42]. Furthermore, the semiconductor industry is actively
exploring computational paradigms beyond traditional von Neumann architectures. Emerging device concepts
include memristive systems that seek to emulate biological synapses by physically unifying non-volatile memory
storage and arithmetic processing in situ [43, 44]. Two-dimensional materials, such as graphene and various tran-
sition metal dichalcogenides, also offer experimentally validated routes towards device integration architectures at
the sub-silicon scale [45,46]. These alternative materials could bypass the impending thermodynamic and quantum
tunnelling bottlenecks of current CMOS technology. In hyperscale data centres, intricate energy management dy-
namically integrates advanced liquid cooling systems and predictive workload scheduling to maximise computational
output per joule.

Taken together, these hardware and software advances do not merely expand raw computational capacity. They
underpin the tempo mismatch between a rapidly reconfigurable machine intelligence and a more inertial human
biology. Frontier models driven by this hardware-software synergy can be updated, mathematically refined, and
redeployed at a global scale [47]. This infrastructure supports iteration cycles in which complex neural architectures
and safety mitigations can be reconfigured in weeks or months, rather than the generations required for biological
adaptation. Viewed through this lens, human enhancement emerges as a systemic consequence of macro-level
infrastructure design. This structural shift raises governance questions about who controls the externally mediated
capacities that will influence our evolutionary future [48].

3 Crossing the embodiment threshold towards situated symbiosis

Historically, AI has developed predominantly in disembodied forms. Large-scale foundation models and statistical
optimisation algorithms operate over symbolic representations, including vast text corpora, static images, program-
ming code, and structured tabular data, without an autonomous physical presence in the material world. Their
outputs influence human cognition, corporate communication, and political decision-making, yet their operational
locus remains largely confined to the digital realm of server infrastructures. In this configuration, intelligence is
treated primarily as a mathematical optimisation problem over pre-collected representations rather than as situated
action in the physical world.

This historical separation between algorithmic cognition and physical embodiment is an artefact of technological
limitations rather than a conceptually necessary boundary. Foundational perspectives in robotics and theories of
embodied cognition, drawing from ecological psychology and cybernetics, have long argued that robust intelligence
emerges from continuous perception-action loops embedded in material environments. Early pioneering work on
behaviour-based robotics challenged top-down representational models by demonstrating that adaptive behaviour
can arise directly from real-time interaction with physical constraints [49]. The recent scaling of multimodal foun-
dation models introduces structural pressure that blurs this separation [50, 51]. As large models acquire general
representations, high-fidelity multimodal perception, and tool-use behaviours through self-supervised pre-training,
their competencies extend beyond linguistic prediction [52]. They increasingly move towards dynamic task coordi-
nation and complex decision sequencing. Once these models can integrate high-dimensional spatial inputs, interpret
natural-language goals, and decompose physical tasks into executable motor commands, the strict boundary be-
tween digital inference and situated action increasingly dissolves [53–55]. Embodiment can therefore be understood
as one possible extension of scalable intelligence into physical intervention, contingent on engineering feasibility,
safety constraints, and social governance [56, 57].
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Figure 2 (Color online) Crossing the embodiment threshold towards human–machine integration. The evolutionary trajectory of artificial

intelligence transitions across distinct operational domains. In the digital domain, disembodied intelligence functions primarily as a mathematical

optimisation process over pre-collected symbolic representations, lacking autonomous physical presence. Driven by the scaling of multimodal

foundation models, AI may cross an embodiment threshold when scalable intelligence becomes coupled to direct physical intervention. Within the

physical environment, embodied intelligence operates through situated action, where robust capabilities emerge from continuous perception-action

loops and dynamic task coordination. Finally, to transition into the neural domain, advances in flexible bioelectronics are actively engineered

to overcome the profound biomechanical mismatch between rigid silicon and soft biological tissue. Such material innovation may enable deeper

forms of human–machine integration, facilitating high-bandwidth, bidirectional information flows that produce a symbiotic redistribution of

sensory perception and kinetic control.

The required interaction bandwidth is application-specific: wearable physiological monitoring, robotic control,
and intracortical neural decoding operate at different temporal scales [54, 58, 59]. What distinguishes embodied AI
is therefore not a fixed update frequency, but the presence of a task-relevant closed loop through which the system
continuously senses, interprets, and influences physical, bodily, or neural states [49, 53].

One possible, but ethically and technically contested, frontier of this embodiment threshold is the integration of AI
more directly with the human biological form [60, 61]. This symbiotic integration redistributes sensory perception,
kinetic control, and physical endurance between humans and machines [19]. It produces forms of physical and
cognitive augmentation alongside novel systemic dependencies, rather than acting as a simple task substitution
(Figure 2).

The material gateway for crossing the embodiment threshold is formed by a suite of bioelectronic technologies
that resolve the biomechanical mismatch between rigid computation and soft biological tissue, thereby enabling
AI systems to acquire continuous bodily data streams through bioelectronic interfaces. To achieve this state of
symbiosis, the scientific field must overcome profound biomechanical, immunological, and engineering challenges.
Parallel advances in stretchable, flexible, and textile electronics are expanding the material substrate for embodied
sensing and actuation on and within the human body. A historical barrier to human–machine integration has been
the biomechanical mismatch between rigid electronics and soft biological tissue. Rigid silicon electronics and soft
biological tissues differ by several orders of magnitude in mechanical stiffness. This mechanical impedance mismatch
can cause micro-trauma, localised inflammation, and signal degradation during natural physiological movement.

However, the micro-scale engineering of advanced materials is actively crossing this threshold. Surface wrin-
kling techniques and related mechanical strategies improve the conformal contact and robustness of wearable sen-
sors [62, 63]. These innovations allow computational elements to flex and interface seamlessly with the epidermis.
Published roadmaps for flexible sensors highlight both the opportunities and the remaining manufacturing bot-
tlenecks for large-scale clinical deployment [64]. Recent technology roadmaps for bioinspired computing hardware
further indicate that the convergence of flexible bioelectronics and neuromorphic computation is approaching the
material and engineering maturity required for stable human–machine interfaces, and key device-level challenges, in-
cluding functional stability, scalable fabrication, and bio-interface compatibility, are being systematically addressed
in ways that directly align with the requirements for crossing the embodiment threshold [65]. Furthermore, the
mechanical buckling of nanoscale ribbons offers an additional structural route to achieving multi-axial stretcha-
bility in inorganic semiconductors [66]. Moving beyond surface contact sensors, pioneering work on multimaterial



Guo P W, et al. Sci China Inf Sci September 2026, Vol. 69, Iss. 9, 193401:6

fibres, self-healing conformal structures, and sophisticated fabric computing illustrates a paradigm shift [67–69]. It
shows how cognitive and physiological augmentation can be engineered as a system property. Smart textile dis-
plays and highly sensitive triboelectric sensing arrays further expand the interface between human bodies, dynamic
environments, and algorithmic computation [70, 71].

The miniaturisation of sensing elements offers routes to selectively filtered and multimodal perception. Intelligent
eardrums equipped with edge computing processors can isolate acoustic signatures in high-noise environments [22].
Simultaneously, monolithically integrated in-textile wristband systems demonstrate how continuous biosensing can
be embedded invisibly in garments [72]. These smart textiles thus convert the body surface into a distributed sensor
array that streams data directly into AI models for real-time health inference, exemplifying how computation moves
from detached servers onto the living body. This work provides a relevant example of device-level integration, where
imaging, compression, and wireless transmission are combined within an in-sensor computing architecture [73].
These systems monitor glucose, cortisol, and complex protein markers, dynamically feeding streaming metabolic
data into predictive health models [74, 75]. In the realm of communicative and motor restoration, wearable voice
interfaces showcase the potential of embodied sensing. The development of artificial throats and ultra-thin graphene
transducers illustrates how these interfaces can capture subtle myoelectric and mechanical throat vibrations [76–78].
By capturing neuromuscular signals and translating them into speech, such interfaces demonstrate how AI can
be physiologically coupled to human expressive intent, shifting from external tool to an extension of the body’s
own communicative apparatus. Such systems can restore speech modalities without requiring invasive surgical
procedures. Moving deeper beneath the epidermal layer, bioengineering and microrobotic therapeutics are extending
computational intervention directly into cellular and molecular scales. Artificial microtubule systems designed for
computationally directed collective microcargo transport further illustrate how engineered micromechanics can
extend therapeutic intervention [79–81].

Human–machine integration reaches a highly complex stage and faces significant obstacles in the domain of
BCIs [12, 82]. Advanced interfaces strongly hint at near-term futures in which high-bandwidth information flows
bidirectionally between living neural tissue and global digital networks [83]. Historically, rigid invasive neural inter-
faces have often suffered from foreign-body responses and progressive signal degradation, as mechanical mismatch
can trigger inflammatory encapsulation around the electrode–tissue interface. Today, flexible and conformal inter-
face designs aim to mitigate this immune response to improve long-term safety [82, 84]. When designed to decode
cortical signals in real time, these interfaces represent the deepest level of coupling considered in this position paper,
where algorithmic systems interact with neural signals associated with intention, communication, or motor control.
Innovations include ultra-thin polymer threads inserted by precision surgical robots designed to avoid disrupting
delicate cortical vasculature [85]. Similarly, endovascular stents can be deployed through the jugular vein directly
into the motor cortex to bypass the risks associated with open cranial surgery [86]. When designed safely and
ethically, such interfaces hold the potential to restore lost sensorimotor function and make abstract computational
patterns graspable to the human mind. However, this intimate integration depends on reliable and continuous
on-body power delivery. This dependency necessitates the simultaneous development of body-coupled power trans-
mission, implantable energy harvesting, high-performance fibre batteries, and ultrasound-driven harvesters designed
for powering deep-tissue implants [87–90].

4 Thermodynamic limits and the risk of socio-technical stratification

The theoretical emergence of directed co-evolution through embodied intelligence and neuro-computational pros-
thetics does not imply an escape from the laws of physics or the complexities of neurobiology. The translation of
raw biological neural signals into actionable digital commands requires immense algorithmic sophistication. Biolog-
ical neural signals, whether measured via local field potentials, electrocorticography, or single-unit action potential
spikes, are inherently noisy, chaotic, and non-stationary. Recent landmark clinical studies have successfully utilised
deep learning architectures, specifically recurrent neural networks and highly optimised transformer models, to
decode these noisy signals into accurate and real-time synthesised text and speech for patients with severe paraly-
sis [58,59]. In these clinical trials, decoding rates have exceeded 60 to 70 words per minute, approaching the speed
of natural human conversation. Here, AI acts as a dynamic translation layer. It utilises its pre-trained linguistic
priors to map biological intent into precise digital action.

However, these technical advantages are linked to systemic dependencies. They translate into cognitive and physi-
cal capabilities that are structurally difficult for un-augmented humans to match. A single frontier model can process
and synthesise more text in an hour than a person can read in a lifetime, track millions of interrelated variables
across complex thermodynamic simulations, and maintain fine-grained logs of its own systemic behaviour. Coupled
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Figure 3 (Color online) Thermodynamic limits and material constraints on AI capability scaling. Estimated training-related carbon emissions

(tons CO2 equivalent) for representative AI models are plotted against model parameter counts on logarithmic axes. The carbon-emission

estimates are compiled from the 2025 AI Index Report, which combines developer-reported emissions with calculator-based estimates using

available information on training hardware, training duration, cloud provider, and training region. Because these values are not normalised to a

single hardware platform, data-centre efficiency, electricity mix, or experimental-run protocol, the fitted trend line should be interpreted as an

indicative association rather than a deterministic scaling law. Horizontal reference lines indicate emissions associated with representative human

activities, including a single transcontinental passenger flight, average annual per-capita emissions, and lifetime passenger-car use, providing

interpretable benchmarks for the environmental scale of large-model training.

with advanced robotics, such systems perceive and manipulate the physical world with sub-millimetre precision.
They maintain around-the-clock performance without experiencing biological fatigue. Domain-specific variants di-
rectly assist in scientific discovery, industrial optimisation, and personalised recommendations in healthcare. As
artificial systems autonomously assist in designing new metamaterials, pharmaceutical drugs, and next-generation
semiconductor devices, they feed back into subsequent generations of hardware and software [91]. This dynamic
creates an accelerating loop in which algorithms actively improve the physical substrates on which they run.

Yet, the mathematical and computational dynamics that enable this accelerating loop also highlight physical
planetary resource constraints and systemic vulnerabilities [92, 93]. To contextualise the material footprint of
this scaling trajectory, Figure 3 visualises the estimated carbon emissions associated with training representative
foundation models across several generations of deep learning systems.

When plotted against model parameter counts on logarithmic axes, the data indicate an approximate association
between model scale and reported training-related emissions, while also reflecting substantial variation introduced
by training protocol, hardware efficiency, and electricity supply. Training state-of-the-art frontier models demands
substantial volumes of computation, gigawatt-scale electrical energy generation, and extensive specialised data
centre capacity [94]. These hard material and energy constraints translate technical scale directly into socio-
political asymmetries of agency. They can concentrate the capacity to shape or redirect mediated forms of human
augmentation largely within the domains of actors who possess the capital to control compute clusters, energy
grids, and physical infrastructure. Progress at the frontier of machine intelligence is precariously dependent on a
geopolitically contested global supply chain. This complex chain encompasses the fabrication of advanced extreme
ultraviolet lithography machines, the engineering of semiconductor substrates, the resource-intensive extraction of
rare-earth elements, and the construction of high-capacity electricity infrastructure. Inference at a global scale
consumes significant power and quantities of cooling water. These material realities raise immediate concerns
regarding the ecological sustainability of ubiquitous computing, its carbon emissions, and its competition with
other societal sectors for finite planetary resources [95].
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Model performance also remains sensitive under algorithmic distribution shifts, adversarial prompt injection, and
long-horizon causal planning [96,97]. This fragility reminds us that statistical pattern recognition over vast datasets
is distinct from robust causal human understanding [98,99]. Many systems still struggle with systematic reasoning,
counterfactual causal inference, and value-sensitive judgement [100, 101]. The longstanding vision of ubiquitous
computing is increasingly intertwined with these resource constraints. This dynamic echoes the historical argument
in technological economics that scalable computation and heavy physical capital often outweigh hand-designed
knowledge and localised human labour [102].

Furthermore, large models learn primarily from historically constrained human corpora and are mathematically
optimised via reinforcement learning for majority preferences and standardised safety filters [13]. Consequently,
they are argued to drift towards forms of cognitive convergence. They systemically reproduce familiar arguments,
homogenised logical paths, and dominant cultural styles rather than exploring heterodox regions of the idea space.
When such cognitively converged systems mediate search engines, legal drafting, academic peer review, and even-
tually the cognitive prosthetics integrated into human brains, they can narrow the diversity of ideas that human
researchers and institutions routinely explore. At scale, the automation of these judgement-intensive functions has
implications for how epistemic authority, legal responsibility, and democratic decision-making power are distributed
between biological humans and opaque statistical optimisation systems [103].

These intersecting material and epistemic trends produce a structural asymmetry with socio-economic conse-
quences, threatening to precipitate a societal challenge that we term biological-technological stratification. The
widespread adoption of these technologies in cognitive and physical automation is poised to reshape the global
labour market. While algorithms have the potential to increase efficiency across industries, they present dis-
placement risks for workers in the manufacturing, clerical, and logistics sectors. High-skilled professions will still
experience profound transformations. This is especially true in industries like healthcare, finance, and law, where AI
improves, mediates, or replaces human decision-making processes. If access to advanced forms of human–machine
integration, including high-bandwidth cognitive neural prosthetics and predictive health monitoring, is constrained
by cost, geopolitics, or fragile supply chains, humanity faces the risk of durable cognitive and economic divergence.
This could manifest as a structural divide between an augmented population with enhanced cognitive bandwidth
and physical endurance, and an un-augmented population constrained strictly by traditional biological limits. Gov-
ernments and global industries must therefore invest in proactive reskilling initiatives and robust public digital
infrastructure. They must ensure that displaced workers can transition to new roles within emerging hybrid fields
while guaranteeing that the economic and biological benefits of technology adoption are shared equitably. At this
critical point, human sovereignty is no longer only a matter of passive cognitive oversight, but of maintaining demo-
cratic oversight over physical agency, morphological risk allocation, and the material resources required for our
evolutionary adaptation [104].

5 An adaptive governance roadmap for human–machine integration

The structural asymmetries detailed above demand an operationalised reimagining of global technological over-
sight [105]. Algorithms driving cognitive augmentation can be dynamically redesigned, scaled, and redeployed
on timescales of mere months. In contrast, human biological evolution and legal institutions adapt on far longer
generational timescales, remaining constrained by material, environmental, and geopolitical limits. Legal and
ethical frameworks face challenges to keep pace with urgent questions about biometric privacy, cognitive data
governance, intellectual property rights, distributed physical liability, and democratic responsibility when AI is
intimately braided into consequential human decisions. Because model weights, cross-border data flows, and the
atmospheric carbon emissions generated by training clusters inherently do not respect national boundaries, establish-
ing a robust global governance framework becomes the central institutional realisation of the directed co-evolution
paradigm [104,106, 107]. While biological adaptation relies on the passive filter of natural selection, our transition
into human–machine symbiosis must be actively mediated by adaptive legal and ethical architectures.

National strategies and fragmented sectoral regulations, while politically important, will remain insufficient if
highly capable systems can be trained in permissive jurisdictions with weak oversight and subsequently exported
worldwide via cloud infrastructure or physically embodied hardware. As these technologies expand globally, they
encounter friction arising from cross-cultural and regulatory disparities. Sovereign countries possess varying legal
frameworks and historical norms regarding privacy, technological ethics, and acceptable use. For instance, European
regulatory frameworks mandate stringent and risk-tiered data privacy controls, prioritising fundamental human
rights, algorithmic explainability, and citizen safety over frictionless corporate innovation [16]. Conversely, the
United States adopts a relatively more lenient and market-driven stance. It relies on sector-specific guidelines,
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Figure 4 (Color online) An adaptive governance roadmap for human–machine integration. Rather than relying on static treaties, this continu-

ous framework triggers regulatory intervention based on measurable technological indicators and the depth of symbiotic integration. The matrix

maps four critical governance dimensions across three sequential phases. Phase I (infrastructural legibility) establishes empirical visibility into

macro-level compute substrates, mandating the standardised disclosure of gigawatt energy utilisation and training data provenance, alongside

the strict medical classification of raw neural signals to establish baseline neuroprivacy. As artificial systems cross the embodiment threshold to

act autonomously in physical or neural domains, Phase II (embodied safety & autonomy) enforces harmonised engineering standards, evaluates

algorithmic drift, prevents the commodification of biological intent, and guarantees a functional right to disconnect via robust software and

physical fail-safes. Finally, to mitigate the systemic risk of biological-technological stratification, Phase III (transnational equity) necessitates

the modernisation of liability frameworks and the establishment of transnational oversight bodies, drawing on models such as CERN or the

IAEA, to democratise access to computational infrastructure and treat predictive health monitoring as a fundamental human right.

litigation-based precedents, and voluntary corporate safety commitments, maintaining a focus on fostering rapid
technological innovation [108, 109]. Meanwhile, AI development, data aggregation, and generative algorithms in
China are legally tethered to national strategic interests, social stability, and data sovereignty, creating a highly
centralised regulatory environment [110]. These regulatory differences inevitably lead to jurisdictional conflicts
when ubiquitous and embodied systems are deployed across global borders.

Creating a globally harmonised and adaptive governance framework therefore becomes increasingly critical, par-
ticularly concerning cognitive data privacy, algorithmic transparency, and ethical standards for human–machine
integration [111–113]. To translate this macroscopic socio-technical framework into actionable policy, governance
must not rely on static treaties that quickly become technologically obsolete, nor should it consist of fragmented
regulatory mandates. Instead, we propose a continuous and narrative-driven roadmap of conditional oversight,
where successive phases of regulatory intervention are triggered by measurable technological indicators and the
depth of human–machine integration (Figure 4).

In the initial phase of infrastructural legibility, governance must respond directly to the rapid scaling of compute
paradigms. This foundational phase must focus on establishing empirical and verifiable visibility into both the
macro-level compute substrate and the micro-level biological interface [114, 115]. This requires a regulatory shift
away from corporate secrecy towards the standardised and mandatory disclosure of compute allocation, gigawatt
energy utilisation, and precise training data provenance at the point of frontier model release [116,117]. Governance
at this stage demands the implementation of immutable incident logging [118], rigorous red-teaming protocols
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probing for capabilities, and the establishment of independent public-interest evaluation platforms [119]. Crucially,
as biological integration deepens through wearable and non-invasive sensors, governance must strictly define and
legally protect the concept of neuroprivacy. The raw physiological and electrical signals generated by a human
brain interfacing with a neural prosthetic, including continuous EEG recordings or spike train telemetry, must
be legally classified under stringent medical data protections. This classification must prevent their extraction,
commodification, or monetisation as standard consumer telemetry data by technology vendors, ensuring that the
biological intent of the user cannot be harvested for behavioural manipulation.

As artificial systems decisively cross the embodiment threshold by acting autonomously in the physical world or
integrating deeply with the human body via smart biomaterials, governance must seamlessly transition to a stricter
second phase dedicated exclusively to the safety, autonomy, and legal rights of the hybrid user [120, 121]. This
phase explicitly connects higher-risk capability tiers to harmonised international engineering standards. Regulatory
health bodies must establish rigorous clinical protocols for assessing both biocompatibility and algorithmic drift
in neural interfaces [122]. They must require empirical proof of long-term signal stability and immune-response
mitigation over chronic timelines before permitting commercialisation. Furthermore, socio-technical design and legal
frameworks must guarantee a functional right to disconnect. This principle requires engineering robust physical and
software fail-safe mechanisms that allow individuals to securely sever an algorithmic connection without suffering
physiological withdrawal, psychological trauma, or critical functional loss. Liability frameworks will also require
profound and nuanced modernisation. Courts will need new jurisprudential tools to untangle the conscious intent
of a biological operator from the automated predictive actions of an integrated corporate algorithmic model when a
hybrid entity causes physical or economic harm. Errors in this paradigm are no longer confined to misinformation;
they manifest directly as physical harm, system failure, or infrastructural disruption.

A distinct regulatory challenge arises when brain–computer interfaces employ algorithms that update their pa-
rameters online based on incoming neural data. Traditional audit paradigms assume a frozen decoder that can be
tested against a hold-out validation set, but in an online-learning BCI, decoder adaptation may interact with the
user’s own neural plasticity, producing a co-adaptive system rather than a static medical device [123]. Operational
safety in this setting therefore cannot rely only on pre-deployment certification; it must also govern how model
updates are proposed, validated, deployed, monitored, and reversed. In practice, the adaptive decoder should be
separated from a fixed safety layer that constrains the allowable output space, such as the range of motor commands,
stimulation parameters, or device-level actions. Proposed model updates should enter a sandboxed validation stage
before they can affect physical effectors or neural stimulation. Each update should be versioned and logged, with
records of the model state, neural-data distribution, output commands, user override events, and safety-relevant
anomalies. Predefined drift and performance thresholds should trigger rollback to the last validated decoder or to
a conservative fallback mode. This workflow extends the concept of independent AI auditing [114, 115] and formal
safety envelopes for autonomous systems [124], shifting operational safety from one-time model evaluation towards
continuous oversight of the update pipeline itself.

Addressing the ultimate open challenges in transnational infrastructure and evolutionary equity constitutes the
most advanced phase of this governance roadmap. Recognising the plausible risk of biological-technological strati-
fication, international discussions must actively explore and deploy mechanisms to democratise access to advanced
computational models. This necessitates exploring policies aimed at providing baseline access to computational
infrastructure, ensuring that cognitive augmentation and predictive preventative health monitoring are treated as
fundamental human rights rather than luxury commodities. Achieving this requires the establishment of durable
cross-border infrastructure for global registries and the rigorous public-interest oversight of massive training clus-
ters. Such architectures could potentially draw organisational and structural lessons from transnational bodies like
the International Atomic Energy Agency or the European Organization for Nuclear Research, explicitly adapted
for the governance of planetary-scale computation [125]. Additionally, actively exploring and funding decentralised
architectures and localised edge computing provides a critical technical pathway to mitigate excessive societal re-
liance on monopolistic corporate cloud servers. These localised models must be capable of running highly efficient
and quantised algorithms on personal hardware under strict thermal envelopes. Global ethics and health guidance
must emphasise inclusive participation, ensuring that the trajectory of directed co-evolution is not dictated solely
by the geopolitical interests of the entities controlling the advanced semiconductor supply chain.

Operationalising the roadmap through existing institutions, the four governance dimensions shown in Figure 4 can
be grounded in existing institutional structures across the three implementation phases of infrastructural legibility,
embodied safety and autonomy, and transnational equity. First, compute and ecological accountability can be
linked to international standards bodies and public evaluation institutions, including ISO/IEC JTC 1 and IEEE,
which are already developing frameworks for AI management and auditing, such as ISO/IEC 42001:2023 [121];
however, extending these frameworks to mandatory compute-reporting templates, energy-use disclosure, and cross-
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jurisdictional enforcement remains an open challenge [114, 115]. Second, operational safety and auditing align
with the mandate of medical-device and safety regulators, including the U.S. FDA and China’s NMPA, whose
current protocols for implantable neural devices are well established for relatively static products but are not yet
designed for the algorithmic drift characteristic of continuously learning systems. Third, neural privacy and data
sovereignty can be overseen by data-protection and health-data authorities operating under frameworks such as the
GDPR [15] and China’s Personal Information Protection Law [110], provided that raw neural signals are explicitly
classified as sensitive biometric or medical data. Fourth, hybrid user rights and liability require coordination among
courts, product-liability regimes, insurance systems, and legislative bodies, because future disputes may need to
distinguish biological intent, algorithmic recommendation, and device-level execution in tightly coupled human–
machine systems. At the transnational level, treaty-based coordination inspired by CERN or the IAEA may further
support equitable access and public-interest oversight of large-scale computational infrastructure [125], although
this would depend on geopolitical will and funding parity. By anchoring these governance dimensions to specific
actors, we emphasise that the roadmap is not an abstract ideal but a set of institutionally grounded and negotiable
mandates.

6 Conclusion and outlook

Transcending the traditional constraints of natural evolutionary inertia in the age of rapidly scaling machine intel-
ligence does not necessarily signify the obsolescence of biological judgement. Nor does it advocate for a fatalistic
surrender to deterministic algorithms. Rather, it demands a scientifically grounded and ethically robust recalibration
of the entire paradigm of human–machine symbiosis. The accelerating transition from disembodied representational
AI to embodied and situated intelligence marks a measurable and pivotal transition. This trajectory extends to
intimate and symbiotic cognitive prosthetics. At this threshold, AI transitions from a digital advisory tool to an
operative system within the physical, physiological, and social fabric of human existence.

The central challenge of the coming decades is to proactively engineer the socio-technical systems that mediate
this directed co-evolution. We must ensure that these systems support collective human agency, maintain epistemic
and cognitive diversity, and bolster societal resilience against systemic shocks. It is imperative to critically navigate
the material, energetic, and thermodynamic constraints of capability scaling. Failure to do so risks entrenching
infrastructural dependencies on corporate oligopolies, or worse, exacerbating existing global wealth inequalities
into durable socio-technical stratification. Addressing this profoundly complex landscape requires a continuous
and internationally coordinated roadmap. This framework must seamlessly align infrastructural legibility (e.g.,
empirical evaluation of frontier models) with rigorous neural privacy standards, operational safety benchmarks, and
democratised access to the computational substrates of adaptation.

Whether human–machine convergence can responsibly extend biological capacities will not be determined solely
by compute scaling laws or by the biological limitations of organic neural networks. Rather, our collective institu-
tional capacity to deliberate, design, and enforce scientific frameworks has now become the primary engine of our
evolutionary future. These frameworks must preserve the fundamental human right to reflect, to dissent, and to
maintain democratic oversight over the transformative technologies we purposefully deploy into the physical world.
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