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Abstract

The rapid expansion of Large Language Model (LLM)
training has led to significant computational requirements
and associated carbon emissions. For example, train-
ing models such as GPT-4 produces approximately 7,138
metric tons of carbon dioxide equivalent. This vision
paper proposes the use of space-based infrastructure for
LLM training and, critically, inference, to address these
sustainability challenges by utilizing abundant orbital so-
lar energy. Orbital computation offers a critical ther-
modynamic advantage, accessing solar irradiance that is
four times more intense than the terrestrial average. We
propose a hybrid approach that combines dedicated or-
bital data centers (ODCs) in Geostationary Earth Orbit
(GEO) for foundational training with distributed edge
computing resources across Low Earth Orbit (LEO) con-
stellations for sustainable inference. This reframed strat-
egy tackles the 90% of a model’s lifecycle energy con-
sumption attributed to usage. The paper addresses core
challenges, including radiation hardening, thermal man-
agement using Loop Heat Pipes (LHP), the logistics of
data migration, and the strategic mandate for a tenfold
reduction in launch emissions, concluding that space rep-
resents the next necessary frontier for large-scale, sustain-
able Al development.

1 Introduction

The unprecedented scaling of Artificial Intelligence
(AI) has established Large Language Models (LLMs) as
the technological cornerstone of the modern digital econ-
omy [1]. However, this transformative growth is under-
pinned by an accelerating and globally significant envi-
ronmental footprint. Training state-of-the-art LLMs de-
mands computational resources that place immense strain
on terrestrial energy grids and water supplies, necessitat-
ing a radical shift in infrastructure deployment.

The migration of high-performance computing (HPC)
to space is not merely a novelty but a strategic response
to a fundamental energy crisis. The orbital environ-
ment provides a decisive advantage: unparalleled access
to solar radiation unattenuated by the Earth’s atmo-
sphere [2]. This continuous, zero-carbon power source
offers the means to fundamentally decouple Al compu-
tation from the variable, carbon-intensive constraints of
terrestrial grids [3].

This paper details the techno-economic and archi-

tectural feasibility of establishing Orbital Data Centers
(ODCs). We advocate for a hybrid, multi-orbital archi-
tecture designed to optimally place Al workloads: syn-
chronous, high-power training in the stable environment
of GEO, and asynchronous, high-volume inference within
distributed LEO constellations. We analyze the core en-
gineering solutions required for hardware resilience and
thermal management, and we address the strategic man-
dates related to data logistics, regulatory governance, and
the critical challenge of launch sustainability.

2 The Environmental Imperative

The case for orbital deployment is rooted in the alarm-
ing quantification of LLM development costs across car-
bon, energy, and water consumption.

2.1 Quantifying the Terrestrial Footprint

The training of frontier LLMs results in energy and car-
bon costs that far exceed previous computational mod-
els. For example, training OpenAl’s GPT-3, possess-
ing 175 billion parameters, required approximately 1,287
megawatt-hours (MWh) of electricity [4] and resulted in
an estimated 552 metric tons of COy [5]. The environ-
mental cost scaled dramatically with its successor, GPT-
4, which was estimated to produce 7,138 metric tons of
COa, a footprint comparable to the annual emissions of
1,550 US citizens [51[6].

Furthermore, terrestrial LLM operations impose a pro-
found strain on water resources. Training GPT-3 alone
required over 700 kiloliters (kL) of water for cooling, a vol-
ume large enough to fill two-thirds of an Olympic-sized
swimming pool [7]. The orbital shift, by utilizing the
deep-space vacuum for passive heat rejection, completely
eliminates this reliance on terrestrial water for cooling.

2.2 The Inference-Centric Strategy

Historically, sustainability discussions concentrated on
the singular, massive training phase. However, this focus
is strategically incomplete. Recent comprehensive bench-
marking and analysis indicate that LLM inference (con-
tinuous, global usage) is the dominant factor in lifetime
environmental costs, potentially accounting for up to 90%
of a model’s total lifecycle energy consumption [7-9].

This paradigm shift necessitates a re-evaluation of the
orbital value proposition. While a GEO hub may han-
dle the 10% training problem, the greatest environmental
return on investment (EROI) lies in leveraging LEO con-



stellations as a zero-carbon, distributed **edge inference
network** to address the dominant 90% problem [10]. By
relying exclusively on clean, captured solar energy, orbital
infrastructure operates with a localized operational car-
bon intensity factor (Fe,,) tending toward zero [9].

3 Thermodynamic Advantages of
Orbital Placement

The feasibility of Orbital Intelligence relies entirely on
the superior energy continuity and intensity provided by
the space environment.

3.1 Solar Irradiance and Attenuation

The critical advantage of space is the solar constant,
the intense, unattenuated solar radiation flux, nominally
measured at 1367.5 W/m? outside the Earth’s atmosphere
[2]. This figure varies seasonally by approximately £3.5%
due to orbital eccentricity [2].

This contrasts sharply with the average solar radia-
tion reaching the Earth’s surface (insolation), which is
dramatically attenuated by atmospheric scattering, re-
flection, and absorption, averaging only about 340 W/m?
[11]. Orbital collection, therefore, confirms a foundational
physics advantage, accessing a solar energy source that is
four times more intense than the terrestrial average, max-
imizing the power generation potential per unit of solar
collector mass.

3.2 Orbital Stability and Power Continu-
ity

The stability required for continuous, synchronous
LLM training dictates the choice of orbit.

Table 1: Comparative Orbital Power Continuity

Parameter | LEO GEO

Altitude 160-2,000 [12] 35,786 [13]
(km)

Eclipses per | ~ 5,500 [14] ~~ 84 |14]

Year

Max Eclipse | 35 minutes [15] 72 minutes [14]
Duration

Battery DoD | High (5,000+ cy- | Low  (Seasonal
Stress cles) [14] only)

Best Work- | Inference / Edge | Foundational
load Computing [16] Training [17]

Geostationary Earth Orbit (GEO) is ideal for founda-
tional training due to its near-continuous solar exposure,
experiencing predictable eclipses only seasonally around
the equinoxes |13l|14]. Conversely, LEO’s high frequency
of eclipses (approximately 15 per day) [14] subjects hard-
ware and battery systems to severe thermal and bat-
tery cycling stress (over 5,000 cycles annually), rendering
it fundamentally unsuitable for sustained, synchronous
training operations [15].

4 Hybrid Architectural Frame-

work

The proposed hybrid architecture must strategically
match the computational workload to the optimal or-
bital environment, leveraging both dedicated infrastruc-
ture and repurposing existing assets.

4.1 Dedicated Orbital Data Centers

Dedicated Al satellites are already transitioning from
concept to reality. China, for instance, has embarked
on constructing a vast orbital supercomputer network,
currently achieving 5 POPS (peta operations per second)
with a long-term objective of 1,000 POPS [18]. These
specialized satellites utilize onboard 8-billion parameter
AT models, high-speed laser inter-satellite links (ISLs) up
to 100 Gbps, and 30 terabytes of storage to process remote
sensing data and bypass terrestrial bandwidth bottlenecks
[18l[18].

e GEO Cluster for Foundational Training: Foun-
dational LLM training requires high-performance
Remote Direct Memory Access (RDMA) networking
to perform constant, synchronous, all-to-all model
weight reduction operations across distributed GPU
clusters [17]. The required instantaneous intercon-
nect bandwidth is estimated at approximately 1
Gbps per GPU [19]. Ouly the static, stable GEO en-
vironment can reliably provide the required stable,
high-synchronicity links.

e LEO Constellations for Distributed Inference:
LEO networks are ideally suited for asynchronous
distributed inference [10,|16]. In this model, LEO
satellites function as "requesters” and ”workers,”
processing data near the source to reduce commu-
nication latency and bandwidth cost |16].

4.2 Constraints of Mission Augmenta-
tion

While the hybrid approach includes computational re-
sources on existing missions, their contribution is con-
strained. The International Space Station (ISS) success-
fully prototypes AI, notably using platforms like HPE’s
Spaceborne Computer-3 [20] for edge AT tasks such as as-
sisting astronauts with maintenance procedures [12] and
dynamic targeting for Earth observation [21]. However,
repurposing Global Navigation Satellite Systems (GNSS),
such as GPS, for deep learning is severely limited. Legacy,
radiation-tolerant processors on these platforms are sev-
eral magnitudes below the computing power required for
advanced deep learning algorithms [22]|. Existing missions
can only feasibly support small-scale, asynchronous edge
inference, lacking the volume, power budget, and thermal
management necessary for sustained foundational LLM
training [3}22].



5 Ciritical Engineering and Logis-
tics

The deployment of commercial-grade HPC hardware
in space is constrained by two fundamental physical chal-
lenges: radiation and heat dissipation in a vacuum.

5.1 Radiation COTS
Hardware

The space environment presents severe risks to modern
Commercial Off-The-Shelf (COTS) components, which
are essential for LLM performance but are designed for
benign terrestrial operation. Radiation from galactic
cosmic rays and solar events causes two primary fail-
ure modes: Total Ionizing Dose (TID), resulting in cu-
mulative material degradation, and Single Event Effects
(SEE), causing functional disturbances or catastrophic
failure from single particle strikes [23}/24]. The Geosyn-
chronous Transfer Orbit (GTO), a proxy for the GEO
environment, subjects hardware to extreme TID, poten-
tially up to 100K Rad per annum [25].

Since performance necessitates COTS GPUs/TPUs,
the strategy relies on advanced mitigation:

Hardening for

e System-Level Mitigation: Employing good fault-
tolerant design practices is crucial for mitigating SEE
at the circuit and system level [24].

e Hardware Redundancy: Specialized manufactur-
ers, such as AMD, offer components incorporating
Triple Modular Redundancy (TMR) designed to mit-
igate radiation effects [26].

e Real-Time Shielding: Novel concepts like the
COTS-Capsule propose using particle detector ar-
rays to encapsulate CSEE-sensitive electronics, en-
abling real-time detection and characterization of
particle strikes for immediate mitigation or error cor-
rection [27].

e Co-Processing: Leveraging radiation-hardened co-
processors, like the High Performance Data Proces-
sor (HPDP), as a dependable mathematical backend
allows the execution of Al-driven workloads without
relying solely on vulnerable COTS components [28].

5.2 Thermal Management in Vacuum

High-performance AI accelerators generate substantial
heat loads [3]. The vacuum of space prohibits atmo-
spheric convection, rendering traditional terrestrial cool-
ing impossible [3].

The reliable solution is the **Loop Heat Pipe (LHP)**.
LHPs are passive, two-phase heat transfer devices that
use the evaporation and condensation of a working fluid
and capillary forces to circulate the fluid, transferring
heat from the GPU (evaporator) to a large radiator panel
(condenser) that rejects the heat into the deep-space heat
sink [29/30]. This passive architecture offers significant
advantages critical for orbital deployment: up to 10 times
longer maintenance-free lifetime, lower power consump-
tion, and up to 30% less mass compared to active sys-
tems [31].

5.3 Data Logistics: The Hidden Uplink
Problem

LLM training is a synchronous, compute-bound work-
load [17,/19]. While existing space infrastructure focuses
on solving the *downlink* bottleneck (space-to-ground
data transmission), the initial training phase introduces
the **Hidden Uplink Problem**: the necessity of migrat-
ing petabytes of clean, foundational data corpora from
terrestrial ground stations to orbit. This initial data mi-
gration requires dedicated, high-capacity ground-to-space
links and represents a vast capital expenditure and time
investment.

Furthermore, the dynamic orbital motion of LEO satel-
lites creates the **LEO Motion Liability**. LEO con-
stellations, despite their advantages for inference, exhibit
sustained latency spikes caused by dynamic routing and
reliance on constantly shifting inter-satellite links (ISLs).
These instabilities are catastrophic for the strict, all-
to-all synchronization protocols required for large-scale
distributed training, confirming the necessity of a static
GEO architecture for the most compute-intensive work-
loads.

6 Strategic Viability and Gover-
nance

The success of Orbital Intelligence is ultimately mea-
sured by its economic justification and its ability to op-
erate within the emerging, fractured space regulatory
framework.

6.1 Comparative Economics and Launch

Debt

Global CapEx on terrestrial data center infrastructure
is projected to exceed $1.7 trillion by 2030, driven largely
by AI expansion [32]. The Horizon Europe-funded As-
cend study concluded that space data centers could be
economically viable, projecting a return on investment
(ROI) of several billion by 2050, primarily by eliminat-
ing the operational costs of carbon energy and complex
cooling [3].

However, this economic viability is critically vulnera-
ble to the environmental cost of deployment. The launch
phase presents the **Launch Sustainability Achilles’
Heel**. The operational carbon savings will be nullified
unless the system’s launch debt is drastically reduced.
The Ascend study mandate requires the **development of
a launcher ten times less emissive over its entire lifecycle**
compared to current vehicles [3}/33]. Without this next-
generation, low-emissivity launch capability, the project
risks merely shifting the environmental burden from elec-
trical OpEx to launch CapEx.

6.2 The Regulatory and Sovereignty Void

The exponential proliferation of commercial mega-
constellations (projected to reach up to 100,000 LEO
satellites) is rapidly outpacing the international legal
framework, which is currently centered on the 1967 Outer
Space Treaty (OST) [34].



e Data Sovereignty and Residency: Processing
personal data in non-sovereign space introduces sig-
nificant legal risk. Since international space law
is nascent regarding data privacy, orbital operators
must preemptively design systems to comply with di-
verse, complex domestic and global privacy systems
(e.g., GDPR).

e Orbital Debris Mitigation: Computational con-
stellations must adhere rigorously to international
guidelines, which typically mandate a 90% success
rate for post-mission disposal (PMD) [35,36]. The
sheer number of objects in these mega-constellations
increases the computational requirement for contin-
uous, complex propagation and conjunction analyses
over multi-century timescales [35].

e Resource Governance: Orbital resources and
radio spectrum, currently managed by the Inter-
national Telecommunication Union (ITU) under a
”First Come, First Served” principle [37], are finite.
New governance mechanisms are required for the al-
location and coordination of these resources to avoid
conflict and harmful interference [38}[39].

7 Conclusion

The vision of Orbital Intelligence is technologically
sound and strategically necessary. By exploiting the
thermodynamic advantages of space—zero-carbon solar
power and passive deep-space cooling—we can establish
a sustainable platform that addresses the escalating envi-
ronmental footprint of frontier Al. The strategic roadmap
must prioritize the deployment of LEO constellations as
an immediate, sustainable inference network (the 90%
problem), while aggressively developing the radiation-
hardened and thermally optimized GEO infrastructure
for foundational training (the 10% problem). The ulti-
mate feasibility of this transition rests on a non-negotiable
strategic mandate: the development and utilization of
launch vehicle technology that can achieve a tenfold re-
duction in lifecycle emissions, thereby ensuring the orbital
solution does not simply trade one carbon burden for an-
other.
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