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The surging demand for artificial intelligence (AI) computing power has led

to  escalating  energy  consumption  and  carbon  emissions.  Meanwhile,  low
utilization of computing infrastructure and power grid constraints pose criti-
cal  barriers  to  sustainable  AI  development.  This  paper  proposes  energy-
aware computing power sharing to address these challenges. By leveraging
the  spatiotemporal  flexibility  of  computing  workloads,  the  sharing  system
enables  load  migration  across  regions  and  time  to  leverage  available
computing  resources  and  renewable  energy,  thereby  reducing  energy  costs
and  carbon  emissions.  Key  enabling  technologies  include  heterogeneous
computing  resource  integration,  privacy-preserving  security  isolation,  rapid
migration  and  elastic  scaling,  high-precision  supply-demand  forecasting,
dynamic spatiotemporal  scheduling,  and market  mechanism design.  Stake-
holder  benefits  encompass  affordable  computing  access  for  AI  developers,
revenue  generation  from  underutilized  computing  hardware,  and  reduced
investment in  power  infrastructure.  A  pilot  implementation  in  China  aggre-
gated  over  700,000  computing  nodes  (>  10.6  EFLOPS)  and  served  over
18,000 users. It has maintained 99.99% service availability since its operation.
For two typical workload types, it reduced computing costs by 50% and 68%,
respectively,  while  offering  substantial  potential  for  improving  renewable
energy utilization.

 CHALLENGES IN SUSTAINABLE ARTIFICIAL INTELLIGENCE
The rapid advancement of AI technologies has led to surging demand for

computing  power  (also  termed “computility”).  As  of  June  2025,  global
computing power has reached 4,495 EFLOPS; it is estimated that, by 2030, it
will  exceed 50 ZFLOPS,  with AI  computing power accounting for  more than
95%.1 The  energy  consumption  of  AI  clusters  poses  a  growing  strain  on
power systems. According to the International Energy Agency, the electricity
use from data centers worldwide was 485 TWh in 2025, and is projected to
roughly  double  to  950  TWh  by  2030,  leading  to  a  substantial  increase  in
carbon  emissions.2 China  and  the  United  States  are  expected  to  drive  this
expansion,  jointly  responsible  for  nearly  80%  of  the  global  increase  in  data
centers’ electricity use by 2030.

Ensuring a reliable, affordable, and low-carbon energy supply remains the
key  challenge  in  supporting  the  sustainable  development  of  AI  computing
power.3 Due  to  the  contradiction  between  the  surging  energy  demand  for
computing power and the relatively slow upgrade of the utility grids, increas-
ing  enterprises  worldwide  plan  to  construct  dedicated  power  plants  (like
solar, wind, or even nuclear power) and transmission lines for directly supply-
ing green power to their AI data centers. Although such energy supply solu-
tions  are  both  reliable  and low-carbon,  the  large-scale  investment  in  power

infrastructure  significantly  raises  the  cost  of  computing  power,  thereby
hindering the inclusive and equitable development of AI.

Understanding  the  current  characteristics  of  computing  power  facilitates
the identification  of  feasible  pathways  to  promote  sustainable  AI  develop-
ment.  The  utilization  rate  of  AI  computing  infrastructure  remains  low.  For
example,  the  average  utilization  rate  of  AI  computing  centers  in  China  was
less than 30% in 2025, and in some regions even below 18%.1 Fully utilizing
these idle computing resources will be crucial for reducing the overall cost of
AI computing power.4 It  will  also help avoid the additional  embodied carbon
that would arise from constructing new dedicated computing infrastructure.
Furthermore,  although  computing  workloads  are  energy-intensive,  they  can
be  transferred  across  time  and  region  to  respond  to  dynamic  electricity
prices and renewable generation.5 Based on this spatiotemporal flexibility, AI
data centers can operate as grid-interactive resources, contributing to main-
taining AI service quality within existing power infrastructure constraints.6

 PATHWAY FORWARD: ENERGY-AWARE COMPUTING POWER SHARING
Computing power sharing is the “silver bullet” for unlocking the flexibility of

computing workloads, thus minimizing energy costs and carbon emissions.7

The concept of computing power sharing originates from the sharing econ-
omy,  a  socio-economic  system  in  which  participants  share  resources
through renting,  lending,  and trading to reduce costs and mitigate underuti-
lization.  The sharing  economy has been adopted in  various  fields,  including
ride-hailing  (e.g.,  Uber)  and  homestay  services  (e.g.,  Airbnb).  Similarly,  the
rapid  increase  in  both  the  supply  of  and  demand  for  AI  computing  power
offers significant  opportunities  for  sharing  computing  power  across  inter-
connected  networks.  In  March  2026,  China’s  National  Development  and
Reform  Commission  officially  incorporated  the  computing  power  network
into the  national  modern  infrastructure  framework  for  the  first  time,  desig-
nating it a national strategic priority.

Figure  1 illustrates  the  energy-aware  computing  power  sharing  for
sustainable  AI.  The  shared  resources  include  CPUs,  GPUs,  memory,  and
other  related  computing  infrastructure.  Unlike  current  most  cloud  service
providers  that  offer  dedicated  computing  resources,  the  proposed  resource
providers offer  various computing services via  full-time or  idle-time leasing,
while  ensuring  high  reliability.  The  system’s  supply  side  comprises  geo-
distributed  heterogeneous  computing  devices,  ranging  from  personal
computers and local data centers to cloud computing infrastructure. On the
demand side, current computing tasks are primarily driven by large language
models  (LLMs),  including  training,  fine-tuning,  and  inference.  As  LLMs
become widely deployed, inference tasks could account for up to 90% of LLM
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workloads.8 These  tasks,  including  text,  code,  image,  and  video  generation
using trained models,  will  become dominant types of demand in computing
power  sharing  systems.  Furthermore,  with  the  advancement  of  edge  AI,
computing power sharing systems are expected to integrate emerging intelli-
gent  terminal  devices,  including  intelligent  connected  vehicles,  low-altitude
aircraft, embodied robots, smart buildings, and wearable smart devices.

With  the  above  resources  and participants,  the  computing  power  sharing
system  can  engage  in  spatiotemporally  flexible  interactions  with  power
systems.  From  a  spatial  perspective,  computing  workloads  can  be
dispatched to  regions  with  abundant  renewable  energy  generation  or  suffi-
cient  computing  resources,  allowing  data  transmission  to  replace  long-
distance power transmission. From a temporal perspective, computing loads
can serve as demand-side flexibility resources to harness renewable energy
or  off-peak  electricity,  thereby  reducing  carbon  emissions  and  electricity
costs.  Under  this “computility-electricity  coordination” paradigm,  the
computing  power  sharing  system  supports  reliable,  affordable,  and  low-
carbon AI development.

 KEY ENABLING TECHNOLOGIES
The  energy-aware  computing  power  sharing  system  relies  on  the  key

enabling technologies outlined below (see Figure 1).

 Heterogeneous computing resource integration
The system retrieves device hardware specifications to evaluate and clas-

sify devices for varying computational demands. It then verifies the environ-
mental  configurations  of  computing  resources,  automates  deployment
tailored to  specific  task  requirements,  and  deploys  the  image  to  the  corre-
sponding device, which then executes the respective computational tasks.

 Privacy-preserving multi-layer security isolation
A defense-in-depth architecture is necessary for security isolation,9 includ-

ing  sandbox  isolation,  Cilium  kernel-level  network  isolation,  RBAC  identity
boundaries, mTLS in-cluster encryption, BGP traffic ingress control, and multi-
region cluster  failover  control.  Together,  these  safeguards  ensure  compre-

hensive privacy preservation for infrastructure and data.

 Rapid migration and elastic scaling
The hot and cold standby mechanisms enable millisecond-level switching

between active  and  queued  states,  achieving  high  reliability  on  heteroge-
neous hardware and effectively supporting elastic scaling demands. Concur-
rently,  the  image  pre-warming  mechanism  enables  rapid  cross-region
scheduling  responsiveness,  while  the  multi-level backup  architecture  effi-
ciently  reduces  latency  induced  by  image  upload,  download,  and  retrieval.
These mechanisms address the problem inherent in existing idle computing
services (e.g.,  spot instances from Amazon Elastic Compute Cloud),  specifi-
cally the lack of stability guarantee.

 High-precision supply-demand forecasting
Advanced time-series forecasting algorithms combined with multi-dimen-

sional  user  profiling  and probabilistic  analysis  enable  accurate  prediction  of
both  the  spatiotemporal  availability  of  distributed computing nodes and the
dynamics of computing demand. High-precision forecasting with risk quan-
tification provides a critical foundation for dynamically aligning volatile work-
loads with resources.

 Dynamic spatiotemporal scheduling
Based  on  the  nonlinear  performance–power  characteristics  of  various

computing  resources,  the  system  performs  multi-objective  spatiotemporal
scheduling  optimization  to  balance  service  quality,  electricity  costs,  and
carbon  emissions.4,10 Furthermore,  a  rolling  horizon  control  framework  is
employed to support real-time optimal decision-making.

 Market mechanism design
A  harmonized  market  architecture  is  essential  to  incentivize  participants

and  guide  the  spatiotemporal  allocation  of  computing  loads  toward  low-
carbon  electricity,  with  mechanisms  including  energy-aware  pricing  at  high
spatiotemporal resolution, incentives such as demand-response compensa-
tion, and integration of computing-related emissions into carbon markets.

 

Energy-Aware Computing Power Sharing for Sustainable Artificial Intelligence

Environment 
deployment

Access 
evaluation

Hierarchical 
matching

Key enabling technologies
Heterogeneous computing resource integration Hot & cold 

standby
Identity 

boundaries Multi-level 
backup

In-cluster 
encryption

Image pre-
warming

Network 
isolation

User
profiling

Multi-objective 
optimizationProbability 

analysis
Real-time 

control

High-precision
supply-demand forecasting

Dynamic
spatiotemporal scheduling

Privacy-preserving
multi-layer security isolation

Rapid migration &
elastic scaling

Computing power sharing system
Marketization and circulation of computing resources

Computing power scheduling
Reliable, affordable, and green AI

Supply side
Access of heterogeneous 

computing devices

Demand side
Providing customized services 
based on demand

Cloud service provider
Internet data center

Personal computer

……

Inference: text, image, video……
Model fine-tuning

Model training

……

New type power system
Safe & efficient, clean & low-carbon, flexible & resilient, smart & integrated

Supply side
Clean power sources

Demand side
Efficient & flexible loads

Market mechanism design

Figure 1.  Energy-aware computing power sharing for sustainable AI.
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 STAKEHOLDER BENEFITS
The energy-aware computing power sharing delivers simultaneous bene-

fits to all stakeholders, thereby promoting sustainable AI development.

 AI  developers  and  small  &  medium-sized enterprises  (SMEs):  Accessi-
ble and affordable computing power

By  aggregating  distributed  computing  resources,  the  sharing  system
reduces AI users’ structural  dependence on hyperscale cloud operators and
dedicated  clusters.  More  SMEs,  AI  startups,  and  scientific  researchers  can
access  enterprise-grade  GPU  computing  power  on  demand,  without  heavy
upfront capital expenditure on AI infrastructure or high costs of AI computing
services. This helps mitigate inequality arising from AI development.

 AI  computing  hardware  owners:  Converting  underutilized  assets  into
productive resources

The  sharing  system  leverages  underutilized  computing  infrastructure  to
meet  emerging  demand  and  generates  revenue  for  AI  hardware  owners.
Meanwhile, meeting  part  of  AI  computing  demand  through  existing  infras-
tructure helps reduce the need for newly built dedicated data centers, thereby
avoiding  additional  embodied  carbon,  supply  chain  pressure,  equipment
costs, and material consumption. This supports a more circular and resource-
efficient digital economy.

 Power  system  operators:  Reducing  power  infrastructure  investments
and providing flexible energy resources

The sharing system can partially meet the growing demand for computing
power, thereby reducing the need for power infrastructure investments other-
wise  required  for  building  additional  data  centers.  Furthermore,  the  sharing
system can aggregate distributed and low-intensity computing resources as
demand-side flexible energy resources to support the safe, efficient, and low-
carbon operation of power systems.

 PRACTICES AND PERSPECTIVES
The Tsinghua research team incubated a startup, ComNergy Tech. Ltd., to

advance the concept of energy-aware computing power sharing from theory
to  practice.  The  computing  power  sharing  system consists  of  the  following
platforms,  which  have  undergone large-scale  engineering  validation  beyond
proof-of-concept research.

The  supply-side  platform  for  computing  resource  access (suanleme.cn)
enables  individuals  to  connect  their  GPUs  to  the  computing  power  sharing
system,  supporting  automatic  environment  configuration  (validated  across
94% of personal devices),  workload sandboxing, and idle-time monetization.
As of May 2026, the platform has aggregated computing resources from 42
AI  data  centers  spanning  nine  Chinese  provinces  and  over  700,000
distributed  computing  nodes,  including  AI  servers,  high-performance
personal  computers,  and  internet  café  computers.  The  total  computing
accessed power has exceeded 10.6 EFLOPS

The  demand-side  platform  for  computing  power  service (suanli.cn)
provides elastic deployment services, GPU cloud hosting, bare-metal servers,
and  batch  services  to  AI  developers  and  enterprises.  As  of  May  2026,  the
platform  has  served  over  18,000  registered  users,  spanning  individuals,  AI
model  developers,  AI  inference companies,  AI-generated content  communi-
ties, scientific  computing  groups,  and  university  research  teams.  The  plat-
form  has  dispatched  over  4.2  million  computing  tasks  and  maintained  a
service  availability  exceeding  99.99%,  defined  as  the  system’s  uptime  ratio
for  accepting incoming requests.  In  August  2025,  the  platform processed 3
billion PDF pages of pre-training data for ModelBest, an AI company special-
izing in on-device LLMs. These intermittent batch workloads possess partly
latency  tolerance,  allowing  them to  avoid  computation  during  peak  periods.
Under the elastic on-demand model, which bills only during task active peri-
ods, the hourly cost fell from 1.53 CNY (the full rental rate for an NVIDIA RTX
4090  GPU)  to  an  average  of  0.49  CNY—a  68%  reduction.  In  another  case,

since  October  2025,  the  platform  has  provided  text-to-image  computing
services to LiblibAI, an AI image-generation platform. These interactive work-
loads  operate  at  an  average  utilization  of  roughly  40%.  Under  the  same
model, the cost fell to an average of 0.77 CNY—a 50% reduction.

The  computing  power  scheduling  platform helps  IDC  operators,  cloud
vendors,  and  government  agencies  efficiently  manage  their  computing
resources.  Our  team  has  contributed  to  developing  several  provincial-level
platforms.  Using  the  platforms  and  regional  time-of-use tariffs,  we  simu-
lated 20 interactive workloads dispatched across 40 NVIDIA RTX 4090 GPUs
in Chongqing, Fujian, and Henan. The results demonstrate an 18% reduction
in  computing  costs  and  a  20%  increase  in  renewable  energy  utilization.4

Currently  deployed  in  the  Qinghai  pilot,  this  platform promises  even  greater
potential for cost savings and renewable energy adoption, given the region’s
abundant renewable resources.

Our  practices  have  demonstrated  that  energy-aware  computing  power
sharing offers  a  viable  pathway toward sustainable  AI.  AI  computing power
can  be  transformed  from  being  high-barrier,  high-cost,  and  centralized  to
easily  accessible,  low-cost,  and  ubiquitous.  In  the  future,  scaling  up  such
sharing practices across broader regions may accelerate the global adoption
of  AI  and  broaden  access  to  its  benefits.  Such  a  globally  interconnected
computing  power  sharing  network  could  enable  new  forms  of  international
collaboration  on  computing  and  energy  resources,  fostering  a  paradigm
distinct from traditional frameworks.
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