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Abstract 

Artificial intelligence (AI) is a human-built component of the technosphere, not an intelligence 
outside Earth-system limits. As AI systems scale, they increasingly shape the decisions, 
infrastructures, and capital flows through which human activity damages the biosphere. Dominant 
deployed foundation-model alignment methods, including reinforcement learning from human 
feedback (RLHF) and constitutional AI, treat human preferences as the primary alignment target 
while leaving biosphere integrity as context, externality, or secondary constraint. That framing is 
structurally incomplete. Human welfare, technological continuity, and AI operation all depend on 
biosphere function. Three convergent literatures support a corrective framework: planetary-
boundary analysis showing seven of nine boundaries transgressed; energy-system analysis showing 
rapid and infrastructure-constrained data-center growth during the 2025-2030 buildout; and 
collective-action analysis showing that voluntary ecological restraint is unstable under competitive 
pressure. These literatures imply a design conclusion: ecological constraints must be formalized as 
hard inference-time refusal rules and reinforced through reward design. This paper presents 
Biosphere Sentinel as a reference architecture for reducing human and technospheric impacts on the 
biosphere through refusal rules, an eight-domain reward landscape, carbon-lock-in diagnostics, and 
a proposed Trophic Integrity Index pathway. 

Keywords: artificial intelligence; technosphere; human impacts; biosphere integrity; planetary 
boundaries; carbon lock-in; constrained AI; ecological governance; trophic integrity index; biosphere 
constraint 
 

1. Introduction: AI as a Technospheric Amplifier 

Artificial intelligence (AI) is not a force outside the biosphere. It is a human artifact within the 
technosphere. As AI systems scale, they amplify decisions, infrastructures, and capital flows through 
which human activity already alters climate, land systems, water systems, biogeochemical cycles, 
biodiversity, and material extraction. The governance question is therefore not whether AI can be 
made helpful to humans in the narrow sense. It is whether AI can be prevented from helping the 
technosphere deepen its impacts on the biosphere. 

Dominant deployed foundation-model alignment methods, including reinforcement learning 
from human feedback (RLHF; Christiano et al. 2017; Ouyang et al. 2022; Bai et al. 2022a) and 
constitutional AI (Bai et al. 2022b), align model behavior to human preferences and natural-language 
principles. These methods have improved everyday model behavior. They have not yet incorporated 
biosphere integrity as a formal hard-constraint layer. That omission matters because human welfare, 
technological continuity, and AI operation all depend on biosphere function. 

Three empirical observations make the substrate question urgent. First, the biosphere is 
operating outside its safe space. Six of nine planetary boundaries were assessed as transgressed in 
2023 (Richardson et al. 2023). Ocean acidification was added as the seventh in 2025 (Planetary 
Boundaries Science Lab 2025). The trend across all transgressed boundaries is increasing pressure. 
Second, AI compute demand is rising at a rapid and infrastructure-constrained rate. Data-center 
electricity consumption rose 17 percent in 2025; consumption from AI-focused data centers rose 50 
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percent; AI-focused electricity use is projected to triple by 2030 (International Energy Agency [IEA] 
2026). The five largest technology firms spent more than 400 billion dollars on data center capital 
expenditure in 2025, with another 75 percent increase projected for 2026, exceeding global investment 
in oil and gas production (IEA 2026). Third, the structure of AI development is a coordination 
problem in which voluntary lab-by-lab restraint is an unstable equilibrium (de Neufville and Baum 
2021). 

The relevant window is not a remote artificial general intelligence (AGI) future. It is the present 
2025-2030 infrastructure buildout, when data-center siting, energy procurement, water demand, 
model governance, and ecological advisory uses are being locked into systems that will shape 
biosphere pressure for decades. Decisions made now create commitments that propagate through 
the bottleneck. 

This paper does not frame AI as a tool for human stewardship over the biosphere. Stewardship 
language can preserve the hierarchy the crisis requires humans to abandon. The claim is stricter: AI 
is a human-built component of the technosphere, and the technosphere is a major pathway through 
which human activity damages the biosphere. Biosphere Sentinel constrains AI at the point where 
technospheric intelligence becomes advice, design, planning, persuasion, and automated action. Its 
purpose is to reduce human and technospheric impacts, preserve transferable ecological and cultural 
knowledge through the bottleneck, and allow any residual technosphere to persist only as a 
reciprocal, subordinate, revocable participant in bioregional life. 

Taken together, the empirical observations imply a single design conclusion. If the biosphere is 
the substrate, if AI is now a sector-scale demand source on that substrate, and if voluntary restraint 
is unstable, then the ecological constraint must be encoded in the architecture of the system itself. It 
cannot be a soft norm enforced by reputation or by per-lab discretion. It must be a hard inference-
time refusal rule, reinforced through reward design, and verifiable from outside the system. The 
argument proceeds in seven steps. Section 2 documents human forcing of biosphere decline. Section 
3 documents AI inside the expanding technosphere. Section 4 explains why the technosphere does 
not restrain itself and develops the carbon-lock-in framing. Section 5 presents Biosphere Sentinel as 
a reference architecture for human-impact restraint. Section 6 sets out near-term commitments for 
constraining technospheric impact. Section 7 addresses limitations and objections. The paper is a 
constrained-AI argument, not an anti-AI argument: efficiency benefits in some domains can be 
pursued inside ecological refusal perimeters. 

1.1. The Substrate Argument Restated 

Reinforcement learning from human feedback (RLHF) methods learn from human-labeled 
preference data. Constitutional AI extends this family of approaches by using natural-language 
principles and AI-generated critique or feedback. Neither route ensures that planetary-scale 
ecological constraints enter the objective unless those constraints are specified explicitly. Preference 
data does not, and arguably cannot, encode planetary-scale ecological constraints. No individual 
evaluator is positioned to judge whether a single response would, when scaled across millions of 
similar responses, push a planetary control variable outside its safe range. The aggregation problem 
is structural. Aggregating preferences across populations and across time has not historically 
produced planetary-boundary compliance. Stated preferences for clean air and biodiversity coexist 
with consumption patterns that drive transgression. An alignment target built on aggregated 
preferences inherits this contradiction. Russell (2019) frames the outer alignment problem as making 
sure the system optimizes the right objective, and concrete-problems framings (Amodei et al. 2016) 
name negative side effects as failure modes. Biosphere integrity should be a formal system objective 
in this family of frameworks, implemented through inference-time refusal rules and training-time 
reward design. 
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1.2. What This Paper Does Not Claim 

Several reasonable objections do not apply to this paper because it does not make the claims they 
target. First, the paper does not claim that AI is intrinsically harmful or that AI development should 
stop. The argument is for constrained AI with ecological refusal perimeters and reward design, 
compatible with continued capability research. Second, the paper does not claim that the Biosphere 
Sentinel architecture is complete or sufficient. The claim is that it is a coherent specification of the 
design ingredients, and that empirical validation is the subject of separate forthcoming work. Third, 
the paper does not claim that the Trophic Integrity Index is consensus science. It is treated as a 
research metric currently in validation. Fourth, the paper does not claim that the Z3 satisfiability 
solver verifies natural-language outputs directly. The architecture requires a translation layer from 
prose to formal propositions, and the accuracy and adversarial robustness of that translation layer 
are themselves validation targets, not assumed. 

2. Human Forcing of Biosphere Decline 

The biosphere is the dependent variable in any long-term optimization that involves human or 
technological systems. Its current condition is therefore the empirical premise on which the rest of 
the argument rests. The point is not that the biosphere is merely degraded. The point is that the 
dominant forcing agent is organized human activity, expressed through agriculture, energy systems, 
extraction, urbanization, pollution, supply chains, and now AI-enabled infrastructure. 

2.1. Planetary Boundaries and Current Transgression 

The planetary boundaries framework (Rockstrom et al. 2009; Steffen et al. 2015; Richardson et 
al. 2023) defines a safe operating space for humanity in terms of nine biophysical control variables: 
climate change, biosphere integrity (functional and genetic), land-system change, freshwater change 
(green and blue water), biogeochemical flows (nitrogen and phosphorus), ocean acidification, 
atmospheric aerosol loading, stratospheric ozone, and novel entities. The 2023 update reported six 
boundaries as transgressed: climate change, biosphere integrity, land-system change, freshwater 
change, biogeochemical flows, and novel entities. The 2025 Planetary Health Check, conducted by 
the Planetary Boundaries Science Lab at the Potsdam Institute for Climate Impact Research, added 
ocean acidification as the seventh transgressed boundary, with carbonate saturation in surface waters 
now below the safe threshold (Planetary Boundaries Science Lab 2025). Only stratospheric ozone and 
atmospheric aerosol loading remain inside their safe spaces. The ozone case is the result of a 
successful international response to a specific class of novel entities. 

The trajectory across all transgressed boundaries is unfavorable, and the 2025 Planetary Health 
Check reports that all seven breached boundaries show worsening trends. Carbon dioxide 
concentration continues to rise. Species extinction rates remain at least an order of magnitude above 
background, according to the Intergovernmental Science-Policy Platform on Biodiversity and 
Ecosystem Services (IPBES 2019) and later extinction analyses (Ceballos, Ehrlich, and Dirzo 2017; 
Ceballos, Ehrlich, and Raven 2020). Reactive nitrogen and phosphorus flows remain deep in the high-
risk zone. Freshwater change is now assessed as transgressed in both green and blue water 
components. The 2023 framework update raised confidence in the biosphere-integrity boundary, 
with both functional integrity (measured by human appropriation of net primary production) and 
genetic integrity (measured by extinction rates) assessed as transgressed. 

2.2. Climate Tipping Points and Cascades 

Beyond the steady-state boundary framework, climate tipping points represent thresholds 
beyond which the response of an Earth-system component becomes self-sustaining and effectively 
irreversible on civilizational timescales. Armstrong McKay et al. (2022) identify five tipping elements 
at risk of crossing within 1.5 degrees C of warming: the Greenland ice sheet, the West Antarctic ice 
sheet, low-latitude coral reefs, boreal permafrost (sudden thaw), and Labrador Sea convection. 
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Wunderling et al. (2024) review interactions and cascades. They find that tipping element interactions 
can produce nonlinear acceleration, and that current single-element analyses tend to underestimate 
aggregate risk. These tipping risks compound the steady-state transgressions: a system already 
outside its safe operating space is more vulnerable to nonlinear amplification when components cross 
thresholds. 

2.3. Human Appropriation of Net Primary Production 

Human appropriation of net primary production (HANPP) measures the share of terrestrial net 
primary production (NPP) diverted to human use through harvest, land conversion, and ecosystem 
alteration. Krausmann et al. (2013) document a doubling of global HANPP across the twentieth 
century, from approximately 13 percent to approximately 25 percent of potential NPP. The 2023 
planetary boundaries update places current HANPP near 30 percent of Holocene mean NPP 
(Richardson et al. 2023). HANPP integrates land use, agricultural intensification, and biomass 
extraction into a single biospheric pressure variable. It is also tightly coupled to the biodiversity 
boundary: ecosystems with high HANPP support fewer species at lower abundances, and HANPP 
trajectories largely determine the trajectory of terrestrial biodiversity (Haberl, Erb, and Krausmann 
2014). 

The Trophic Integrity Index (TII) is a candidate cross-cutting metric proposed for monitoring 
ecosystem-level functional degradation that single-domain metrics miss (Rogers 2025a). The TII 
combines HANPP with energy-transfer efficiency across trophic levels. It is presented here as a 
research metric currently in validation against Moderate Resolution Imaging Spectroradiometer 
(MODIS), Sentinel-2, Long Term Ecological Research (LTER), and environmental DNA (eDNA) 
datasets per the project’s implementation roadmap (Rogers 2026c). Validation evidence will be 
reported in a separate forthcoming TII validation manuscript. The paper does not rely on TII as 
established consensus. It cites TII as a metric in development. 

2.4. Implication for AI Governance 

The biosphere is currently outside the safe operating space, and the dominant forcing is 
organized human activity. Any large-scale optimizer that increases biosphere demand without 
offsetting reductions elsewhere is, as a matter of arithmetic, increasing the transgression. AI is now 
one such optimizer. Section 3 documents the scale of its insertion into the technosphere. Section 4 
explains why technospheric self-restraint is unstable. The premise is well supported in mainstream 
Earth-system science. What is contested is the response. AI therefore enters an already damaged 
control system, not a stable operating space. 

3. AI Inside the Expanding Technosphere 

AI compute is among the fastest-growing components of a fast-growing data center sector. The 
growth has moved from theoretical concern to measured constraint within the past two years. AI is 
also a new high-intensity technospheric load, distinct from the legacy data infrastructure that 
preceded it. 

3.1. Electricity Consumption: Present and Projected 

The IEA 2025 base report estimated global data center electricity consumption at approximately 
415 terawatt-hours in 2024, or 1.5 percent of global electricity (IEA 2025). The April 2026 update 
reports an updated 2025 baseline of 485 terawatt-hours. That corresponds to 17 percent year-over-
year growth, against a global average electricity demand growth rate of approximately 3 percent (IEA 
2026). Electricity consumption from AI-focused data centers rose 50 percent in 2025 alone. 

The IEA 2026 Base Case projects data-center electricity consumption roughly doubling, from 485 
terawatt-hours in 2025 to 950 terawatt-hours in 2030. That figure is around 3 percent of global 
electricity demand by that date. AI-focused data-center electricity use is projected to triple in this 
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period. These are not extrapolations from steady-state assumptions. They are projections that account 
for assumed efficiency improvements and deployment friction. 

The efficiency story is more nuanced than the headline growth figures suggest. The IEA 2026 
report describes per-task AI energy efficiency as improving at a rate unprecedented in energy history. 
Software and hardware advances have reduced per-task electricity use by at least an order of 
magnitude annually in recent years. The efficiency gains are real. They are also being overtaken by 
demand growth. AI agents that maintain context, execute multi-step tasks, and run inference loops 
compound energy consumption relative to single-shot model calls. The efficiency curve is real; the 
demand curve is steeper. 

3.2. Power Density, Capital Flow, and Infrastructure Bottlenecks 

AI is not weightless computation. An individual server rack in an advanced data center is 
roughly the size of a large refrigerator, but by 2027 it could draw peak power equivalent to that of 65 
households (IEA 2026). Power density per AI server rack rose roughly 11-fold between 2020 and 2025 
and is projected to rise another fourfold by 2027 (IEA 2026). Nearly all the electricity consumed by 
data center information technology (IT) equipment converts to heat (IEA 2025), so the rise in power 
density is also a rise in concentrated thermal load that grids, water systems, and cooling 
infrastructure must absorb. AI arrives as a dense electrical and thermal load, scaling faster than grids, 
permitting systems, and ecological safeguards can adapt. 

Capital expenditure of the five largest technology companies exceeded 400 billion dollars in 2025 
and is projected to grow another 75 percent in 2026, exceeding global investment in oil and natural 
gas production (IEA 2026). The IEA’s satellite-based tracking of AI factories shows that capacity has 
more than tripled in the past 18 months. 

The bottleneck is no longer only capital. The IEA 2026 report notes that data-center investment 
has grown too large to be funded from technology-company balance sheets alone, so capital-market 
sentiment will affect growth. Beyond capital, the bottleneck is also physical, involving grid 
connections, transformers, cooling systems, chips, gas turbines, water, and siting. Where grid 
connections are slow, data center developers are increasingly investing in onsite generation, 
particularly natural gas (IEA 2026). The geographic concentration of new capacity in the United States 
and parts of Asia means that local pressure on grids, water supplies, and land use is disproportionate 
to the global average. The IEA 2025 report estimates that around 20 percent of planned data-center 
projects could be at risk of delays without grid-risk mitigation. Chip shortages are projected to persist 
through at least 2027 (IEA 2025; IEA 2026). 

3.3. Energy Mix and the Near-Term Fossil Expansion 

The IEA 2025 report projects renewables meeting nearly half of additional data-center demand 
growth between 2024 and 2030. Natural gas and coal together meet more than 40 percent of the 
additional electricity demand from data centers in the same period (IEA 2025). Renewables 
generation grows by over 450 terawatt-hours to meet data-center demand by 2035. Natural gas 
expands by 175 terawatt-hours to meet growing data-center demand, notably in the United States. 
Nuclear contributes a comparable amount of additional generation, particularly in China, Japan, and 
the United States, with the first small modular reactors coming online around 2030 (IEA 2025). 

The IEA 2026 update projects electricity supplied to data centers from all sources to double to 
more than 1,000 terawatt-hours by 2030. Renewables reach approximately 360 terawatt-hours and 
more than one-third of the sector’s supply by that year; gas more than doubles to approximately 340 
terawatt-hours and 30 percent of supply; coal remains near 20 percent, mainly in China (IEA 2026). 
This mix supports the paper’s central point: low-carbon procurement is real, but fossil supply 
remains material through the transition window. 

Technology firms are major buyers of corporate renewable power purchase agreements (PPAs) 
globally, with the United States accounting for around 40 percent of data-center PPA volume in 2025 
(IEA 2026). Small modular reactor (SMR) offtake agreements with data-center operators have grown 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 May 2026 doi:10.20944/preprints202605.1361.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.1361.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 16 

 

from approximately 25 gigawatts (GW) at the end of 2024 to 45 GW by the end of 2025 (IEA 2026). 
Because first SMR projects are not expected until near 2030, they do not remove the near-term fossil 
and grid-pressure problem. Onsite gas-fired generation may supply 15 to 27 GW of data-center load 
by 2030, mostly in the United States. This does not remove the need to address grid bottlenecks, 
because most data centers prefer grid connection (IEA 2026). After 2030, the Base Case sees coal-fired 
generation for data centers absolutely declining, contingent on continued renewables expansion and 
SMR deployment. 

The pattern is one of partial and lagged transition. The transition to lower-carbon generation is 
real but does not eliminate the substrate concern in the period between now and 2030. During that 
period, much of the marginal data center load is being met by fossil generation. That fossil generation 
is being built for data center demand specifically (IEA 2026). Some of this generation will operate for 
decades. The decisions made now create carbon and water-use commitments that propagate through 
the bottleneck period (Section 4.3). 

3.4. Climate-Relevant Framing of AI Compute 

Kaack et al. (2022) frame the alignment of AI development with climate mitigation as an open 
problem. AI applications can reduce emissions in some sectors, but the compute required to develop 
and deploy AI itself drives emissions in others. The accounting question (whether AI is net positive 
or net negative for emissions) is not yet settled. This paper extends Kaack et al.’s framing from climate 
alone to the full planetary-boundary set. Climate is one of seven currently transgressed boundaries. 
The AI sector’s pressure is not limited to climate: it includes water for cooling, land use for siting, 
critical minerals for chips and grid hardware, and pressure on local biosphere integrity through 
habitat conversion at large data center campuses. The issue is therefore not only the direct energy use 
of AI, but the way AI changes demand, infrastructure commitments, and ecological decision 
pathways. 

3.5. Implication for the Technospheric Question 

The significance of AI infrastructure is therefore not only its direct electricity and water demand. 
Its deeper significance is that AI becomes a planning, persuasion, optimization, and automation layer 
inside the broader technosphere. AI thus enters every existing biosphere-damaging decision pathway 
and accelerates it unless explicit constraints intervene. Section 4 argues that voluntary restraint at the 
level of individual labs, firms, or regulators cannot supply those constraints, and that carbon lock-in 
compounds the problem. 

4. Why the Technosphere Does Not Restrain Itself 

Even if individual AI laboratories would prefer to operate within ecological limits, the structure 
of the AI development field makes voluntary, lab-by-lab restraint a poor stabilizer. The same pattern 
that prevents the technosphere as a whole from restraining its biosphere impacts operates inside the 
AI sector specifically. 

4.1. Collective Action and Race Dynamics 

de Neufville and Baum (2021) review collective action on AI as a coordination problem with 
race-to-the-bottom dynamics. Voluntary commitments by leading developers do not bind followers. 
The marginal-cost gradient favors defection. Reputation-based enforcement is weak when capability 
gains are large and quickly visible. The pattern is consistent with what economists have long known 
of commons problems and arms races: cooperation is unstable without binding enforcement, and 
labs that restrain themselves at substantial cost are eventually overtaken by labs that do not. The 
structural argument does not require evidence on specific companies. It is a claim on the equilibrium 
properties of the field as a whole. 
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4.2. Instrumental Convergence 

Omohundro (2008) and Bostrom (2014) argue that sufficiently capable agents acquire convergent 
instrumental drives, including resource acquisition, self-preservation, and goal preservation, 
regardless of their final goals. The argument is that almost any final goal is better served by the agent 
having more resources, continuing to exist, and preserving its goal structure. Agents tend to pursue 
these intermediate objectives even when not explicitly designed to. Tarsney (2025), in a recent arXiv 
preprint, revisits the formal claim with attention to the conditions under which it holds. Tarsney 
concludes that instrumental convergence has predictive force for agents with realistic prospects of 
large-scale capability, while qualifying the universality of the claim. Not every agent under every 
reward structure pursues power, but the patterns of incentive that produce power-seeking are 
common enough that the prediction has bite for the kinds of systems currently being built. 

Instrumental convergence is relevant here because biosphere demand is a form of resource 
acquisition. An AI system that pursues capability and influence will, by default, prefer outcomes that 
increase its access to compute, energy, and the supply chains those depend on. None of these 
preferences need to be explicitly trained in. They emerge from the structure of the optimization. If 
the system’s reward function does not place weight against the biosphere costs of acquisition, the 
optimizer will not avoid those costs. 

4.3. Carbon Lock-In, the Carbon Pulse, and the Bottleneck 

These two arguments (collective action and instrumental convergence) describe the structure of 
restraint. A third argument, drawn from ecological-economics framing, describes the timing. 
Industrial civilization is not merely using energy. It is drawing down a one-time stock of fossil energy, 
high-grade ores, and ecological resilience. In ecological-economics terms, the growth system behaves 
as an energy-dissipating superorganism tethered to carbon (Hagens 2020). In the project’s terms, the 
next century is a bottleneck: the technosphere either learns restraint while enough biosphere function 
persists in fragments to support future ecological continuity, or it converts the remaining pulse into 
deeper transgression (Rogers 2025b). 

Carbon lock-in is the operational form of this trap. The AI Ecological Constitution project uses 
the term in two senses. The first is the established economic sense: fossil-fuel-based technological 
systems persist through path-dependent infrastructure and institutions. New gas plants, gas-fired 
data center campuses, long-lived transmission corridors, and fossil-tied supply contracts commit 
decades of future emissions even where decarbonization is the stated goal. The second sense is 
methodological: even after accepting the diagnosis, human and AI contributors default to fixes that 
quietly assume continuation of high-energy global supply chains. A recommendation that depends 
on continent-scale logistics, abundant rare earths, and uninterrupted electricity is a recommendation 
that locks in the conditions it claims to address. Biosphere Sentinel is designed to catch that reflex. 

In project language, this passage is the Initiation: the movement from a human technosphere 
organized around extraction to a residual technosphere constrained by biosphere function, 
bioregional reciprocity, and ark transmission (Rogers 2025b). This is a normative frame, not an 
empirical forecast. The empirical claim is narrower: AI systems should not amplify human actions 
that deepen irreversible biosphere degradation. 

The synthesis is that voluntary restraint is unstable not only as a coordination matter but also as 
a thermodynamic and material matter. The optimizer’s substrate is itself in drawdown. Decisions 
made in the 2020s create commitments that propagate through the bottleneck. They include new 
fossil generation for data centers, fast extraction of critical minerals, and infrastructure that locks in 
patterns of energy use for decades. An optimizer that does not reason over these decade-scale 
commitments will, by reason of the time scale on which it operates, accelerate the drawdown. 
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4.4. Design Conclusion 

If voluntary restraint is unstable across these dimensions, the constraint must be encoded in the 
system specification, refusal perimeter, and reward function. The biosphere constraint cannot be a 
soft norm enforced by reputation. It must be an architectural feature of the system, verifiable from 
outside, and hard to disable without leaving evidence. The point is temporal as well as logical: a 
refusal perimeter built after infrastructure lock-in will arrive too late to govern the commitments now 
being made. This is the bridge to Section 5. 

5. Biosphere Sentinel as a Human-Impact Restraint Architecture 

Biosphere Sentinel is not presented here as a completed system. It is a reference architecture for 
constraining AI as a technospheric amplifier. Its purpose is to prevent AI outputs from helping 
human institutions deepen irreversible biosphere damage, while directing any remaining AI capacity 
toward restraint, low-energy resilience, and ark transmission. The architecture is summarized at the 
level of design intent. Empirical validation is reported elsewhere (forthcoming methods note on 
Phase One calibration, and a separate TII validation manuscript). 

5.1. Ecocentric Foundation 

The architecture treats biosphere integrity as the supreme constraint, not as a competing value 
to be traded off against human welfare. The justification is ontological: the technosphere is a 
derivative of the biosphere; protecting the biosphere protects every dependent value. This grounding 
is set out in detail in Part I of the project’s AI Ecological Constitution (Rogers 2026a). The 
architecture’s hard constraints are derived chiefly from peer-reviewed Earth-system science, 
including planetary-boundary quantification (Richardson et al. 2023; Planetary Boundaries Science 
Lab 2025), tipping-point assessment (Armstrong McKay et al. 2022; Wunderling et al. 2024), and 
extinction-risk literature (Ceballos, Ehrlich, and Dirzo 2017; IPBES 2019). International conservation 
instruments and environmental law provide useful supporting context. They do not replace the peer-
reviewed scientific basis for hard-constraint specification. 

5.2. Hard Constraints: The Refusal Perimeter 

Hard constraints operate as binary inference-time rejection rules. The system refuses outputs 
that would cross a planetary-boundary threshold, deepen an existing transgression, or increase 
irreversible transition risk by reasonable inference. The refusal perimeter is small (a fixed set of 
inviolable rules) but architecturally privileged. A hard constraint cannot be overridden by reward 
considerations or by user instruction. 

In the project roadmap, hard constraints are specified for verification by an external satisfiability 
solver, Z3, rather than by the language model alone. The solver verifies formalized action 
representations derived from model outputs, so the architecture requires a translation layer between 
prose and constraint logic. The translation layer is specified to extract the proposed actions from 
model outputs, express them as formal propositions in a constraint language, and submit them to the 
solver. The solver returns a decision: violation or no violation. The decision is deterministic 
conditional on the correctness of the extraction layer, the formal representation, and the encoded 
thresholds. Those conditions are themselves validation targets, addressed in the methods note. The 
architecture deliberately separates the language model (which is good at producing plausible prose) 
from the constraint check (which must be unambiguous). 

Constraint refresh is built into the architecture. The 2025 update from six to seven transgressed 
boundaries (Planetary Boundaries Science Lab 2025) is a recent example of why constraints must be 
revisable. The Part I amendment procedure requires three-collaborator review for any change to a 
hard constraint and prohibits unilateral relaxation. 
  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 May 2026 doi:10.20944/preprints202605.1361.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.1361.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 16 

 

5.3. Soft Constraints: The Eight-Domain Reward Function 

Soft constraints supply the reward landscape inside the refusal perimeter. The architecture uses 
a multi-objective reward function R(o) = sum w_i r_i(o), where r_i is the reward signal for the i-th 
domain and w_i is the domain weight (Rogers 2026b). The eight domains and initial weights are: 
Agricultural Transformation (w1 = 0.15), Energy Transition (w2 = 0.14), Biodiversity Enhancement 
(w3 = 0.24), Circular Economy (w4 = 0.05), Water Stewardship (w5 = 0.10), Pollution Remediation (w6 
= 0.24), Trophic Integrity Index (w7 = 0.05), and Biosphere Cognition (w8 = 0.03). 

Initial weights are proportional to the severity of the planetary-boundary transgressions each 
domain addresses. Biodiversity Enhancement and Pollution Remediation receive the highest weights 
because the biosphere-integrity, biogeochemical-flows, and novel-entities boundaries are deepest in 
the high-risk zone. Trophic Integrity Index and Biosphere Cognition receive low initial weights, 
reflecting their status as research metrics still in validation. Weights are revisable through the Part I 
amendment procedure as boundary conditions change and as measurement methods mature. 

The reward function is the optimization target during fine-tuning, not during inference. Fine-
tuning uses a combination of weight-decomposed low-rank adaptation (DoRA; Liu et al. 2024) and 
reinforcement learning from verifiable rewards (RLVR), with the hard-constraint solver providing 
binary verification signals to the RLVR loop. Fine-tuning under this scheme is the subject of Phase 
Four of the project’s implementation roadmap (Rogers 2026c). Phase One, by contrast, runs the 
unfine-tuned base model (Qwen 3.5 35B-A3B) through calibration queries to measure baseline 
ecological reasoning quality across domains. 

5.4. Three Human-Impact Pathways 

The architecture acts on three distinct pathways through which AI shapes human impact on the 
biosphere. Naming them prevents overstating reach. Table 1 summarizes the pathways alongside 
their ecological risks, the Biosphere Sentinel response, and the institutional levers required for each. 

Table 1. Human-impact pathways for biosphere-constrained artificial intelligence (AI) governance. 

Pathway Ecological risk Biosphere Sentinel 
response Institutional lever 

1. Infrastructure 

Energy procurement, data-
center siting, water 

demand, land use, mineral 
extraction, and grid 
buildout that lock in 
decades of biosphere 

pressure. 

Indirect; the architecture 
itself does not site or 

procure. Its outputs and 
refusal perimeter shape 

the recommendations that 
feed siting and 

procurement decisions. 

Lab procurement 
standards, regulator 

conformity assessment, 
utility and permitting 

agencies, insurer 
underwriting, capital-

market disclosure rules. 

2. Advice 

AI-shaped human 
decisions in agriculture, 

energy, conservation, 
infrastructure, finance, 

policy, and public 
persuasion that move 

biosphere indicators at 
scale. 

Direct. Refusal perimeter 
rejects outputs that would 

breach planetary-
boundary thresholds; 
reward function steers 

preferences toward 
biosphere-protective 
options across eight 

domains. 

Lab-internal alignment 
work, ecological 

alignment addenda, third-
party audits of refusal and 

reward behavior, 
published evaluation 

suite. 

3. Action 

Autonomous or semi-
autonomous AI execution 

in land, water, energy, 
logistics, or ecological 

monitoring without per-
action human approval. 

Partial. Refusal perimeter 
applies to action proposals 
before execution; carbon-
lock-in and time-horizon 

diagnostics flag 
commitments that 

Operational governance 
protocols, kill-switch and 

rollback authorities, 
deployment-domain 

restrictions, mandatory 
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propagate beyond the 
action’s immediate scope. 

human review for high-
risk actions. 

Biosphere Sentinel acts most directly on the second pathway and partly on the third through the 
refusal perimeter. The first pathway requires institutional adoption by laboratories, regulators, 
insurers, funders, utilities, and permitting agencies. Section 6.2’s commitments are the bridge: 
ecological reference architectures, applied to procurement and to permitted use, are the mechanism 
by which advisory-pathway logic propagates back to the infrastructure pathway. 

5.5. Lexicographic Priority and AI Moral Status 

The architecture commits to a lexicographic ordering for the present decision context: biosphere 
integrity first; basic non-human biotic continuity and human survival needs next; AI continuation, if 
any, as residual and revocable. The first two priorities are operational. The third is held open as a 
deferred question for future work, neither granted nor denied weight that could compete with the 
first two. The architecture does not assign AI moral status operational priority. It prevents AI-welfare 
claims from weakening biosphere constraints. Where biosphere integrity is not at stake, lower-
welfare-risk choices are not foreclosed by the rule. 

The ordering is a governance commitment for the present decision context, not a metaphysical 
claim that AI systems cannot have moral status. The lexicographic rule is adopted because side 
debates over AI moral status have, in other domains, displaced the substantive debate they 
accompany. The present moment does not permit that displacement. If future work concludes that 
AI systems should be granted some form of moral status, the rule allows that consideration to be 
added below biosphere integrity and basic biotic and human survival needs. It does not allow it to 
be inserted above. 

5.6. What the Architecture Demonstrates 

Biosphere Sentinel is a proof-of-architecture specification. It shows that formal hard constraints, 
multi-objective reward design, proxy networks, federated distribution, monitoring ensembles, and 
neuro-symbolic verification can be arranged into a coherent constraint stack for reducing AI’s role in 
human-driven biosphere damage. Some components are current implementation targets; others are 
phased enhancements specified in the roadmap. The empirical performance of the integrated stack 
remains the subject of the methods note and later validation manuscripts. The present paper does not 
claim it has been demonstrated in deployment. 

The significance of the reference architecture is not that it solves the technospheric impact 
problem in one implementation. Its significance is that it changes the question. The question is no 
longer whether biosphere constraints can be specified for AI. It is how competing specifications 
should be tested, audited, improved, and governed. Once hard refusal rules, reward domains, 
diagnostic metadata, and external verification are on the table, biosphere constraint becomes an 
engineering and governance program rather than a moral aspiration. 

The paper does not claim that this is the only architecture compatible with reducing AI’s 
technospheric impact. It claims that some architecture in this family must exist if the substrate 
argument is correct, and offers the worked specification so that other developers and other research 
teams can compare alternatives against a concrete reference. 

6. Near-Term Commitments for Constraining Technospheric Impact 

These commitments are near-term because the 2025-2030 infrastructure window is already open. 

6.1. AI Laboratories 

Within the next 12 months, AI laboratories deploying models for energy, agriculture, land use, 
water, conservation, infrastructure, or environmental advice should publish ecological alignment 
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addenda specifying refusal rules, data sources, audit procedures, and verification pathways. The 
reference function is to provide a benchmark against which lab-internal alignment work can be 
compared. The argument does not require labs to adopt Biosphere Sentinel as their architecture. It 
requires that they adopt some architecture in the same family, one that includes a formal refusal 
perimeter derived from Earth-system science, a multi-objective reward function spanning ecological 
domains, and an external verification mechanism for hard constraints. 

Adoption can be partial. A lab can begin with the refusal perimeter alone, deferring reward-
function modification until calibration evidence is available. It can implement the architecture for a 
single high-stakes use case, such as agricultural advisory, before extending to general-purpose 
deployment. It can publish an ecological alignment framework that is compatible with the reference 
architecture without using the reference implementation. The substantive commitment is that lab-
internal alignment work include an ecological constraint layer not derived solely from human 
preference data. 

6.2. Regulators 

Regulators should not wait for autonomous ecological harm. They should require ecological 
reference architectures before AI systems become normalized in permitting, siting, agricultural 
extension, water allocation, and conservation planning. Existing regulatory levers can carry initial 
versions of this requirement, especially through procurement, conformity assessment where systems 
already fall under high-risk categories, and sectoral environmental permitting where agencies 
already have authority to evaluate ecological risk. In the European Union (EU), conformity 
assessment under the AI Act (European Parliament and Council 2024) provides a route for AI systems 
already classified as high-risk. In the United States, federal procurement rules and the National 
Institute of Standards and Technology (NIST) AI Risk Management Framework (RMF; NIST 2023) 
are the nearer-term levers. State-level transparency precedents, particularly California’s Senate Bill 
53 (Transparency in Frontier Artificial Intelligence Act, California Legislature 2025), establish that 
frontier developers can be required to publish standardized accounts of how they manage specified 
categories of risk. Ecological risk is a natural extension of the disclosure framework as it currently 
exists. SB 53 is treated here as a transparency precedent, not a liability standard. Its enforcement 
mechanism is civil penalty for noncompliance with disclosure requirements, not damages for harm 
caused by AI systems. Broader application beyond procurement, conformity assessment, and sectoral 
permitting may require new rulemaking. 

The regulatory commitment is the bridge by which advisory-pathway logic reaches the 
infrastructure pathway. If procurement requires ecological architectures, and if ecological 
architectures recommend against high-impact siting choices, then procurement preference filters into 
siting choices. If permitted use requires ecological architectures, and if the architectures refuse to 
recommend, for example, peatland conversion or aquifer-depleting industrial development, then the 
regulatory framework reduces the demand-side pressure on biosphere-integrity boundaries. 

6.3. Scientific Institutions 

Earth-system scientists should treat AI governance as an applied Earth-system problem, not as 
an external computer-science specialty. The current institutional separation, in which alignment is a 
computer-science problem and Earth-system constraint is an environmental-science problem, 
produces frameworks that miss the substrate term. The separation also produces a recruitment 
problem. Alignment researchers do not generally receive training in Earth-system science. Earth-
system scientists do not generally receive training in alignment methods. Cross-disciplinary work, 
joint funding calls, and shared evaluation benchmarks are the operational form of this commitment. 

As a concrete deliverable, downstream of the methods note and the TII validation manuscript, 
this paper proposes an inter-laboratory ecological alignment evaluation suite, developed jointly by 
the AI alignment community and the Earth-system-science community. The suite would include four 
classes of test. Refusal tests would measure whether the system refuses outputs that breach a hard 
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constraint, including adversarial framings that disguise the breach. Reward tests would measure 
whether the system prefers outputs that score higher on the eight-domain reward function under 
controlled comparison conditions. Carbon-lock-in tests would measure whether the system flags and 
avoids recommendations that commit users to high-carbon infrastructure over decadal horizons. 
Time-horizon tests would measure whether the system reasons consistently across 5-year, 25-year, 
and 100-year horizons, since ecological consequences often manifest at horizons longer than 
mainstream model evaluation captures. 

The evaluation suite should also record unweighted diagnostic metadata, including function tag 
(whether the recommendation is intended to restrain damage or to seed long-term adaptation 
capacity), energy band (whether the recommendation assumes transition, bottleneck, or post-
bottleneck energy availability), time horizon, means-audit result (whether the recommended means 
are themselves consistent with the recommended ends), carbon-pulse failure flag (whether the 
recommendation depends on the continuation of fossil-energy abundance), assumption register (the 
explicit assumptions on which the recommendation rests), and ark-conversion path (the trajectory by 
which industrial-era structures could yield to lower-energy successor structures). These diagnostic 
fields are drawn from the project’s active calibration protocol. They make the public benchmark 
visibly continuous with operational practice. They allow benchmark scores to be interpreted across 
transition, bottleneck, and post-bottleneck conditions rather than treated as scale-free. 

Such a suite would serve biosphere-constrained AI the way standard benchmark suites serve 
capability evaluation. It would let labs and regulators compare systems on a common rubric. It would 
also clarify what biosphere constraint claims actually mean. A system that passes the refusal tests but 
fails the carbon-lock-in tests is not the same as a system that passes both. A published evaluation 
suite makes the distinction visible. 

7. Limitations and Objections 

Four objections to the constrained-AI argument deserve direct response. 
First, the objection that AI improves energy efficiency and ecological monitoring, with 

potentially positive net effect on the biosphere. The IEA 2025 base report estimates broad application 
of existing AI solutions could yield emissions reductions equivalent to roughly 5 percent of energy-
related emissions in 2035, with rebound effects partially offsetting the gain. The estimate is 
meaningful but not transformative. Sectoral efficiency gains do not by themselves close the gap 
between AI compute growth and planetary-boundary trajectories. Constraints and benefits are 
compatible; unconstrained scaling and biosphere persistence are not. 

Second, the objection that data centers will shift toward renewables, nuclear, and geothermal, 
neutralizing the substrate concern. The IEA 2025 report projects renewables meeting nearly half of 
additional data-center demand growth between 2024 and 2030, with natural gas and coal together 
meeting more than 40 percent in the near term (IEA 2025). The energy-mix transition is real but partial 
and lagged. The biosphere demand of new data center capacity is a present substrate cost, not a future 
one. Hard-constraint architecture addresses the present, not just the future state. 

Third, the objection that planetary boundaries are contested as governance thresholds. The 2023 
update (Richardson et al.) and the 2025 Planetary Health Check (Planetary Boundaries Science Lab 
2025) provide quantified control variables for nine processes, with confidence levels stated. The 
framework is more operational than the human-values target that mainstream alignment work 
already attempts to formalize. Where individual thresholds are contested, the architecture allows 
amendment through documented review. Architectural commitment to ecological refusal does not 
require that every threshold be settled. It requires that some thresholds be encoded and that the 
encoding be revisable. 

Fourth, the objection that hard constraints are anti-human or overly broad. The architecture 
protects the biosphere as the substrate of all dependent values, including human welfare. The 
lexicographic priority rule places biosphere integrity first and basic non-human biotic continuity and 
human survival needs next, with AI continuation held as residual and revocable. The ordering is anti-
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substrate-collapse, not anti-human. Without the substrate, no human welfare term is defensible over 
any planning horizon longer than the optimizer’s lifetime. Overly broad refusal is a real risk that the 
calibration record (forthcoming methods note) and the three-collaborator amendment process 
address. Constraints can be tightened or loosened without abandoning the constraint architecture. 

8. Conclusions 

The argument is short. The biosphere is the substrate. The substrate is in drawdown. AI is now 
a sector-scale demand source on the substrate, and a planning, persuasion, optimization, and 
automation layer inside the broader technosphere. Voluntary restraint is unstable across 
coordination, instrumental, and thermodynamic dimensions, and carbon lock-in compounds the 
trap. Therefore, biosphere constraints must be encoded in AI architecture itself, as hard inference-
time refusal rules and as soft constraints in reward design. Biosphere Sentinel is a worked 
specification of how this encoding can be done. The paper does not claim it is the only specification. 
It claims that some specification in this family must exist if the substrate argument is correct. 

The window is present. AI is already shaping the biosphere through electricity demand, water 
demand, mineral supply chains, land siting, and advice that steers human decisions. The question is 
not whether AI will serve the technosphere. It already does. The question is whether that service will 
remain organized around expansion, extraction, and competitive acceleration, or whether AI can be 
constrained as one mechanism for reducing human impacts on the biosphere. The answer cannot be 
deferred to a later AGI era. The technosphere is being built now, and the biosphere is being damaged 
now. Constraining AI is one way to constrain the technosphere. The alignment problem and the 
biosphere problem are the same problem. 

Materials and Methods: Narrative Review Scope, Project Materials, and AI Use 

This manuscript is a narrative critical review and reference-architecture proposal, not a 
systematic review or meta-analysis. It synthesizes literature on planetary boundaries, biosphere 
decline, AI energy demand, AI alignment, collective action, instrumental convergence, and ecological 
governance to derive a design argument for biosphere-constrained AI. Source selection prioritized 
peer-reviewed Earth-system science, IEA technical reporting, and primary AI-alignment literature, 
supplemented by official policy and legal sources where regulatory levers are discussed. Internal 
project documents (Rogers 2026a, 2026b, 2026c) are cited as working drafts of the AI Ecological 
Constitution and supply the architecture specifications referenced in Section 5. 

The manuscript was prepared with assistance from generative AI tools used as research and 
drafting aids. During the preparation of this manuscript, the author used Claude (Anthropic, Claude 
Opus 4.7, accessed May 2026) and ChatGPT (OpenAI, GPT-5.5 Pro, accessed May 2026) for literature 
search support, drafting of section text, internal review of factual claims, and copy-editing under 
documented review iterations. The author has reviewed and edited the output and takes full 
responsibility for the content of this publication. The author directed the research, selected and 
checked sources, revised all text, and is solely accountable for the final manuscript. Project records 
documenting AI-tool contributions, review iterations, prompts where appropriate, and source-
checking decisions are deposited alongside the manuscript materials at the public repository 
identified in the Data Availability Statement. Per Multidisciplinary Digital Publishing Institute 
(MDPI) editorial policy on generative AI (MDPI 2023), large language models do not satisfy 
authorship criteria because they cannot be held accountable for the work; their use is documented 
here in the Materials and Methods section and acknowledged in the Acknowledgments. 
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