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Abstract: The rapid growth of foundation models, most prominently large 
language models (LLMs), is turning the electricity consumption of computing 
infrastructure into a first-order constraint on the artificial intelligence (AI) industry. 
This review synthesizes recent literature on three levers for reconciling large-model 
computing with power-system limits: green energy supply, green computing, and 
computing-energy synergy (CES), i.e., the coordinated operation of computing 
infrastructure and power systems. Beyond earlier descriptive accounts, the review 
makes four contributions: (1) comparative assessments that condense the energy-
supply options for AI data centers and the principal energy-efficiency techniques, 
including quantization, pruning, knowledge distillation, batching, dynamic voltage 
and frequency scaling (DVFS), and scheduling, into single-view tables with their 
performance, latency, cost, energy, and carbon trade-offs; (2) an explicit 
introduction of standard sustainability metrics (PUE, CUE, WUE, energy per token, 
and carbon emissions per workload) as the quantitative backbone for comparing the 
surveyed approaches; and (3) a substantially deepened treatment of CES, 
comparing centralized, distributed, and hybrid algorithmic paradigms, formulating 
a representative joint scheduling problem, and analyzing feasibility under 
engineering constraints such as renewable-supply uncertainty, storage limits, grid 
congestion, workload deadlines, latency requirements, and electricity and carbon 
price volatility; and (4) a conceptual framework, that links supply-side options, the 
sustainability-metrics backbone, demand-side workload flexibility, and power-
system engineering constraints into a single coordination view. Three research gaps 
are identified: integrating 24/7 carbon-free electricity procurement with flexible 
workload scheduling; co-scheduling delay-tolerant training with latency-sensitive 
inference; and embedding power-system constraints and market signals into CES 
algorithms. The evidence reviewed indicates that green energy lowers the 
operational emissions of large-model computing but does not by itself deliver 
continuous carbon-free operation; green computing techniques can substantially 
reduce energy per unit of computation at accuracy or latency costs; and CES is a 
promising coordination paradigm whose large-scale feasibility still needs to be 
demonstrated under realistic engineering constraints.  

 Keywords: large model; green energy; green computing; computing-energy synergy; 
data center; sustainability metrics 
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1. Introduction 

As the frontier of artificial intelligence (AI), the development of foundation models, represented by large 
language models (LLMs), inevitably brings about significant challenges with respect to computing power and 
energy consumption [1]. Researchers need to continuously optimize the design of hardware systems to improve 
energy efficiency and resource utilization, and at the same time promote the application of green technology in 
algorithm optimization, model optimization, and lifecycle management to minimize energy consumption. For 
enterprises and research institutions, this is both a way to reduce costs and a path toward sustainable development. 

The urgency of this agenda is grounded in well-documented evidence. The Intergovernmental Panel on 
Climate Change has concluded that human activities have unequivocally caused global warming and that deep, 
rapid greenhouse-gas emission reductions are required in the coming decades [2]. The globally averaged 
atmospheric CO2 concentration reached 423.9 ppm in 2024, the highest level in at least 800,000 years [3]. Under 
the Paris Agreement, signatories committed to holding global warming well below 2 degrees C and pursuing 
efforts toward 1.5 degrees C, with carbon-neutrality targets concentrated in the 2050–2070 timeframe. At COP28, 
more than 130 countries endorsed the pledge to triple global installed renewable capacity to roughly 11,000 GW 
by 2030 [4]. The European Union is implementing its “Fit for 55” package; China pursues its dual-carbon goals 
(carbon peaking before 2030 and carbon neutrality before 2060) together with the “Eastern Data, Western 
Computing” national project; and the United States supports clean technologies through the Inflation Reduction 
Act. The principal challenges include the intermittency of wind and solar power, the cost of long-duration storage 
and green hydrogen, and grid-connection backlogs. 

At the same time, large models are bringing significant changes to the energy sector through massive data 
analysis and intelligent optimization [5]. They can predict electricity demand, optimize grid dispatch, and improve 
the utilization of renewable energy; assist carbon capture and oil and gas exploration in the traditional energy 
industry; reduce energy waste through smart building and industrial energy-saving systems; and accelerate 
research and development on novel batteries and nuclear fusion. Large models are thus becoming key tools for the 
low-carbonization and intelligentization of the energy sector itself. 

From a global perspective, the energy consumption of AI computing keeps rising with the advancement of 
large-model technology. The International Energy Agency (IEA) estimates that data centers consumed about 415 
TWh of electricity in 2024, roughly 1.5% of global electricity demand, and projects this to more than double, to about 
945 TWh, by 2030, with the United States, China and Europe accounting for the largest shares of the increase [6]. In 
Ireland, data centers already account for more than one fifth of the country’s metered electricity consumption [6]. 
Although AI technology is advancing toward lower cost and higher speed, the result of its global deployment is a 
disproportionate strain on energy and environmental resources [7]. 

To address the energy dilemma of AI computing, efforts must be made across multiple aspects, from 
computing-efficiency gains in new algorithms to the widespread adoption of clean energy. The coordinated 
development of computing power and electricity is a crucial pathway for achieving energy transition and 
improving societal energy efficiency. Green computing power has emerged as a defining trend: it is a holistic 
concept covering the entire lifecycle of computing resources from production and supply to service delivery, with 
a focus on low-carbon sustainability. Computing power and electric power, as core productive forces of the digital 
economy and the energy economy, have seen their coordination become part of national strategy. 

This review goes beyond topic-level description in three respects. First, it consolidates scattered qualitative 
discussion into comparative tables: the energy-supply options for AI data centers (Table 2), the green-computing 
techniques and their trade-offs (Table 3), the standard sustainability metrics (Table 4), the workload classes and 
their flexibility characteristics (Table 5), the CES algorithmic paradigms (Table 6), and the CES engineering 
constraints and corresponding design responses (Table 7). Second, it introduces standard sustainability metrics 
(PUE, CUE, WUE, energy per token and carbon per workload) as a quantitative backbone for the whole survey 
(Section 3.3). Third, it deepens the treatment of CES, the most distinctive part of this review, by explicitly 
separating delay-tolerant training from latency-sensitive inference workloads (Section 4.2) and analyzing how 
engineering constraints affect CES feasibility (Section 4.4). The remainder of this paper is organized as follows. 
Section 2 reviews green energy with an emphasis on the options relevant to large-model computing. Section 3 
reviews green computing. Section 4 explores computing-energy synergy. Section 5 discusses large-model-specific 
evidence and development trends, and Section 6 concludes. 

Positioning and research questions. Existing surveys address parts of this landscape separately: green deep 
learning and green AI [8–10], data-center practices and green-aware management [11,12], and carbon-aware 
computing [13]. To the best of our knowledge, none connects the supply-side options, the standardized 
sustainability metrics, the demand-side workload flexibility of large-model computing, and the engineering 
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constraints of power systems in a single synthesis. This survey is positioned to fill that gap: its analytical frame, 
summarized in Figure 1, treats computing demand as a set of workload classes with distinct flexibility, benchmarks 
supply options and efficiency techniques on a common metrics backbone, and evaluates their coordination (CES) 
under explicit engineering constraints. Three research questions guide the review. RQ1: Which energy-supply 
options and procurement models can realistically deliver low-carbon, and ideally 24/7 carbon-free, operation for 
large-model data centers (addressed in Sections 2, 3.1 and 5.2)? RQ2: Through which efficiency levers and 
scheduling mechanisms can computing demand be made flexible without violating performance requirements 
(addressed in Sections 3.2, 4.2 and 5.1)? RQ3: Under which engineering constraints can computing-energy synergy 
be implemented at scale, and which research gaps remain (addressed in Sections 4.3–4.5 and 5.5)? 

 

Figure 1. Conceptual framework of this survey: supply-side options (Section 2) and workload classes (Section 4.2) 
are benchmarked on a common metrics backbone (Section 3.3) and coordinated through CES (Section 4) under 
engineering constraints (Section 4.4); dashed arrows denote feedback of schedules and procurement signals. 

Review Methodology 

This is a narrative review rather than a systematic review. We searched Web of Science, Scopus, IEEE 
Xplore, the ACM Digital Library, and arXiv for English-language literature, and CNKI for Chinese-language 
policy and industry literature, covering documents published between January 2019 and September 2025; a small 
number of earlier seminal works were retained where foundational. Search terms combined model-side keywords 
(“large language model”, “foundation model”, “deep learning”, “green computing”) with energy-side keywords 
(“energy consumption”, “carbon footprint”, “renewable energy”, “data center”, “power system”, “demand 
response”). Two inclusion criteria were applied: (i) peer-reviewed journal or conference publications, or authoritative 
institutional and governmental reports (e.g., IEA, WMO, IPCC, China Academy of Information and Communications 
Technology); and (ii) clear relevance to the energy or environmental aspects of computing. Preprints were retained 
only when widely cited or authored by established groups, given the fast-moving nature of the field. Records were 
screened by title and abstract and, where relevant, full text; backward snowballing from the reference lists of key 
surveys was used to complete coverage. Because the review is narrative in nature, no PRISMA-style screening 
statistics are reported; this limitation is acknowledged in Sections 5.5 and 6. Table 1 summarizes the methodology. 

Table 1. Summary of the literature search methodology. 

Item Detail 

Databases Web of Science, Scopus, IEEE Xplore, ACM Digital Library, arXiv (English); CNKI (Chinese policy and industry 
literature) 

Publication period January 2019 to September 2025; selected earlier seminal works retained 

Search terms Model-side: large language model, foundation model, deep learning, green computing. Energy-side: energy 
consumption, carbon footprint, renewable energy, data center, power system, demand response 

Inclusion criteria (i) Peer-reviewed journal/conference papers or authoritative institutional and governmental reports; (ii) clear 
relevance to energy or environmental aspects of computing 

Exclusion criteria Studies without verifiable quantitative or methodological grounding; duplicate coverage of the same technique 
without added evidence 

Supplementary 
strategy Backward snowballing from reference lists of key surveys and reports 
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2. Green Energy 

The development of green energy provides sustainable power support for the training and deployment of 
large models and can substantially reduce their operational carbon footprint. With the rapid adoption of wind and 
solar power, global computing hubs are increasingly sited in regions abundant in green energy, from hydro-rich 
Guizhou and wind-rich Gansu and Inner Mongolia under China’s “Eastern Data, Western Computing” project [14] 
to the Nordic countries, because the availability of low-carbon power has become a primary siting criterion for AI 
data centers. Since general expositions of renewable technologies are available elsewhere [15], this section keeps 
the technology overview brief and focuses on the aspects most relevant to powering large-model computing; 
Section 2.5 compares the options in a single view. 

2.1. Renewable Energy and Storage 

Solar photovoltaics generate electricity with near-zero operational emissions and are available almost 
everywhere, at steadily declining cost. For data centers, solar power is a good daytime complement in sunny 
regions, but its diurnal and weather-driven variability means that it cannot by itself provide the round-the-clock, 
uninterruptible supply that large-model training and inference require; pairing with storage or grid backup is 
essential. Lifecycle emissions from module manufacturing and end-of-life panel waste, although small relative to 
fossil generation, are non-zero and are discussed in Section 2.4. 

Wind power offers abundant resources, wide distribution, low operational emissions, and competitive cost. 
Its output is intermittent and synoptically variable, so wind works best for data centers when combined with solar 
generation, storage, and firm capacity. For computing hubs in wind-rich regions, direct corporate power purchase 
agreements with wind farms have become a standard procurement instrument [16]. Grid integration requires 
careful coordination with existing power systems, particularly in regions with weak transmission. 

Hydropower is dispatchable, large-scale low-carbon generation and is therefore an attractive firm anchor for 
large computing clusters, as in Guizhou and the Nordic countries. Its limitations are ecological and climatic: large 
dams disrupt river ecosystems and biodiversity, reservoirs flood land and can cause substantial evaporative water 
losses, and output depends on seasonal and hydrological conditions, with drought years reducing firm capacity [17]. 

For energy storage, pumped hydro storage and lithium-ion battery storage are complementary: pumped hydro 
suits large-scale, long-duration storage, while lithium-ion batteries suit medium- to short-term buffering [15]. For 
data centers, on-site storage bridges renewable-generation gaps and provides uninterruptible-power functions, but 
multi-day coverage of gigawatt-scale AI campuses remains beyond current storage economics. 

Renewable energy and the smart grid are in a close, dynamic relationship [18]. By monitoring and forecasting 
renewable generation in real time, adjusting generation and load distribution, integrating distributed generation, 
and dispatching storage, smart grids alleviate the integration challenges of variable renewables. This monitoring 
and forecasting capability is also the technical foundation of carbon-aware workload scheduling discussed in 
Section 3.1. 

For large computing facilities, however, the binding constraints are increasingly transmission and 
interconnection rather than generation itself. Renewable-rich regions are often remote from the metropolitan areas 
where data centers concentrate for latency, staffing and fibre reasons, so large new loads face interconnection 
queues that can take years, and grid operators must reinforce corridors that are already congested; the IEA projects 
grid-connection bottlenecks to be a principal constraint on data-center growth in several markets [6]. Curtailment 
of solar and wind in generation-rich, transmission-poor regions, and the long lead times of high-voltage direct-
current corridors of the kind underlying China’s West-to-East transmission, mean that the geographic matching of 
computing demand to renewable supply, the premise of China’s “Eastern Data, Western Computing” siting 
strategy [14] and of Nordic and US hub siting, is as important as the temporal matching discussed later. Voltage-
stability and frequency-support requirements of gigawatt-scale campuses further couple data-center operation with 
power-system operation, which is the starting point of CES in Section 4. 

2.2. Nuclear Energy and Small Modular Reactors 

Nuclear energy provides substantial, weather-independent power with near-zero operational greenhouse-gas 
emissions, which makes it a candidate firm baseload for large data-center campuses whose load is flat and 
continuous. Its drawbacks are equally well known: lifecycle emissions from mining, enrichment and construction 
are non-zero; radioactive waste requires long-term secure containment; accidents carry severe consequences; and 
facilities involve high capital costs, long construction times and high technical barriers. A sustainable deployment 
path must therefore weigh firm low-carbon output against safety, waste and cost. 
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Small modular reactors (SMRs), with capacities up to about 300 MW and factory fabrication, are a flexible 
low-carbon option better suited to integration with smaller grids and localized demands; more than 80 commercial 
designs are under development worldwide, with some units already operating in Russia and China [19]. Industrial 
interest in nuclear-powered computing is visible: several hyperscale operators have recently announced 
agreements to procure power from restarted or advanced reactors for their data centers. Even so, SMR deployment 
timelines largely extend beyond the 2030 horizon in which most AI-driven load growth is projected. 

2.3. Frontier Technologies: Green Hydrogen and Fuel Cells 

Green hydrogen, produced by water electrolysis powered by renewables, and fuel-cell technology, which 
converts hydrogen into electricity efficiently, are relevant to large-model computing mainly as long-duration 
storage and clean backup power, niches where batteries are uneconomic. Both remain expensive, and the 
supporting infrastructure for production, storage and distribution is immature; major economies have incorporated 
hydrogen into national strategies and continue to drive breakthroughs in electrolyzers, hydrogen-storage materials 
and fuel cells. In the near term, green hydrogen is best viewed as a complementary option for AI data centers rather 
than a primary supply route. 

2.4. Environmental Impacts 

Environmental statements about electricity generation must distinguish operational impacts from lifecycle 
impacts. Operationally, wind, solar, and hydro emit essentially no CO2 or air pollutants during generation; lifecycle 
analyses, however, attribute non-zero emissions to equipment manufacturing, transport, construction, and 
decommissioning [17]. Three impact categories deserve particular emphasis for data-center siting. First, land use: 
wind farms and utility-scale photovoltaic plants require significant land or water surfaces, which can reduce 
available land resources and affect local ecosystems. Second, water use: although wind and photovoltaics consume 
little water in operation, hydropower reservoirs can cause substantial evaporative losses, and data-center cooling 
is itself a significant water consumer; data centers in the United States were estimated to directly and indirectly 
consume water on the order of hundreds of billions of litres per year [20,21]. Third, end-of-life waste: 
decommissioned photovoltaic panels, turbine blades and batteries require recycling or disposal at scale to prevent 
pollution. A fourth category, upstream material extraction, is specific to lifecycle accounting: lifecycle assessment 
(LCA) methodology attributes impacts to all stages from raw-material extraction through manufacturing, operation 
and end-of-life [17], and for renewable technologies these stages include the mining of critical materials, notably 
rare-earth elements for permanent-magnet wind turbines and lithium and cobalt for batteries, whose extraction 
carries localized environmental and social impacts that operational accounting does not capture [17]. Claims of 
“zero-emission” or “zero-water” generation therefore hold only under operational accounting and for specific 
technologies; lifecycle accounting provides a more accurate basis for comparing supply options, and the same 
distinction between operational and lifecycle accounting applies to the computing side (Section 3.3). 

2.5. Comparative Overview 

Table 2 condenses the discussion above into a one-page comparison of the energy alternatives for AI data 
centers across availability and dispatchability, carbon intensity, intermittency, cost trends, land and water footprint, 
and suitability for large-model workloads. 

Table 2. Comparative overview of energy options for AI data centers. 

Option Dispatchability Operational 
Carbon Intermittency Cost Trend Land/Water 

Footprint 
Suitability for Large-
Model DCs 

Solar PV None (daytime 
only) 

Near zero; lifecycle 
emissions from 
manufacturing 

High (diurnal, 
weather) 

Steeply 
declining 

High land use; low 
operational water 

Good daytime 
complement in sunny 
regions; needs storage 
or grid backup for 24/7 
operation 

Wind None (variable) Near zero High (synoptic 
variability) 

Declining; 
offshore costlier 

Moderate land (co-
use possible); low 
water 

Strong complement to 
solar; fits wind-rich 
hub siting; needs firm 
backup 

Hydropower High (with 
reservoir) 

Near zero; some 
reservoir methane 

Seasonal; 
drought risk 

Site-dependent; 
low operating 
cost 

Reservoir land 
flooding; 
evaporative water 
loss 

Attractive firm low-
carbon anchor for large 
clusters; constrained by 
ecology 
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Table 2. Cont. 

Option Dispatchability Operational 
Carbon Intermittency Cost Trend Land/Water 

Footprint 
Suitability for Large-
Model DCs 

Nuclear/SMR Very high (firm 
baseload) 

Near zero; lifecycle 
emissions from fuel 
cycle 

None (except 
refuelling 
outages) 

High capital; 
SMR costs 
uncertain 

Small land; 
cooling water 
needed 

Strong fit for flat DC 
load; deployment 
timelines largely post-
2030 

Green H2/fuel 
cells 

High (stored 
fuel) 

Near zero if H2 is 
renewable None High today, 

declining 

Moderate 
(electrolysis water 
use) 

Niche: long-duration 
storage and clean 
backup; not a near-
term primary supply 

Grid + annual 
renewable 
matching 

High (grid) Depends on grid 
mix 

None for the 
DC Lowest cost path Delegated to 

generators 

Cheapest headline-
green option, but weak 
real-world emission 
impact [22] 

Grid + 24/7 
carbon-free 
matching 

High (grid) Lowest effective None for the 
DC 

Premium (can 
exceed 
$20/MWh in 
some regions) 

Delegated to 
generators 

Strongest system-level 
emission impact; drives 
storage and firm clean-
energy investment [22] 

3. Green Computing 

Green computing aims to employ energy-efficient hardware, optimized algorithms, and clean energy to 
reduce the energy consumption and carbon emissions of computing systems [23]. As carbon-neutral technologies 
mature, green computing may emerge as one of the key differentiators in large-model competition. This section 
reviews green data centers (Section 3.1), green algorithms and systems together with their trade-offs (Section 3.2), 
the standard sustainability metrics needed to compare them (Section 3.3), and quantum computing as a longer-
horizon option (Section 3.4). 

3.1. Green Data Centers 

Traditional data centers rely heavily on fossil-based electricity and contribute substantially to greenhouse-
gas emissions. Green data centers adopt energy-efficient hardware, renewable-energy integration, advanced 
cooling, and resource-utilization optimization to reduce energy consumption and carbon footprint, while lowering 
operating costs and complying with environmental regulations [24]. Sustainable hardware is a key lever: vendors 
are introducing more powerful tensor and graphics processing units for large-scale training and inference, low-
power variants and domain-specific accelerators for particular workloads [25]. Beyond chips, advanced cooling, 
in particular direct liquid cooling and immersion cooling, reduces the overhead between IT load and facility load, 
which is captured by the PUE metric introduced in Section 3.3 [12]. 

Renewable-energy procurement has become standard practice for large operators. Google, Apple and 
Microsoft have pursued high renewable coverage through integrated wind-solar-storage portfolios and power 
purchase agreements [16]; the renewable-energy mix differs markedly across operators and years because it 
follows grid conditions at each site. Google reports a global average hourly carbon-free-energy match of 66% 
across its data centers in 2024, up from 64% in 2023, with nine of its twenty grid regions at 80% or higher [26]; 
Microsoft reported 34 GW of contracted renewable energy and 29.8 MtCO2e of contracted carbon removal by 
2024 [27]. As shown in Figure 2, Microsoft reports substantial progress since 2020 on its environmental-
sustainability commitments across carbon, energy, water, waste and land. Such figures also illustrate the 
accounting caveat discussed in Section 5.2: contracted volumes and hourly-matched percentages measure different 
things, and only the latter approximates the temporal reality of supply. 

A critical distinction, often blurred in corporate reporting, is that between annual renewable-energy matching 
and continuous 24/7 carbon-free electricity (CFE). Annual matching purchases enough clean energy over a year 
(through certificates or power purchase agreements) to equal annual consumption, but the data center still draws 
fossil-based power at night, in windless periods, and in low-output seasons. Twenty-four-seven CFE instead 
matches consumption with carbon-free supply in every hour at every grid where the operator runs. The two are 
not equivalent in impact: system-level modelling of United States procurement strategies shows that annual 
volumetric matching yields little additional long-run emission reduction, because the wind and solar it contracts 
would in many cases have been built anyway, whereas hourly 24/7 CFE matching is the strategy most consistently 
associated with lower system-wide emissions, driving investment into storage and firm clean-energy technologies at 
a cost premium that can exceed $20/MWh in some regions [22]. For AI data centers, this distinction matters because 
their loads are large, flat, and growing, precisely the profile that stresses the hourly matching of variable renewables. 

On the demand side, Google’s carbon-intelligent computing system (CICS) proactively minimizes carbon 
footprint and infrastructure cost by time-shifting flexible workloads [13]. At its core, analytical processes collect 
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next-day carbon-intensity forecasts, train daily prediction models, and use risk-aware optimization to generate 
next-day carbon-aware virtual capacity curves, which impose hourly limits on the resources available to flexible 
workloads while preserving total daily capacity. Operationally, this delays flexible jobs out of carbon-intensive 
hours with a high probability of completion within the day. CICS demonstrates that even without new generation, 
demand-side flexibility can be converted into carbon savings, and it prefigures the tighter coupling of computing 
and power systems discussed in Section 4. 

 

Figure 2. Microsoft’s reported environmental-sustainability commitments and cumulative contracted volumes, 2020–
2024: contracted carbon removal (29.8 MtCO2e), contracted renewable energy (34 GW), contracted water 
replenishment (104 million m3), people reached with water access (1.5 million), diverted operational waste (114 
thousand tonnes), land protection (17 thousand acres), and Climate Innovation Fund allocations ($793 million) [27]. 

Complementary data-center-level techniques include digital twins, which create virtual models of facilities 
for real-time monitoring, predictive maintenance, and AI-driven optimization of energy use and emissions [11], 
and waste-heat recovery, in which district heating, on-site power production from low-temperature heat, and 
absorption cooling convert the large heat output of data centers into useful energy, subject to geographic and 
infrastructure constraints [12]. 

3.2. Green Algorithms and Systems 

On the algorithm side, green deep learning covers model compression, knowledge distillation, compact 
networks, energy-efficient training, and efficient data utilization [8], and energy-efficient model design builds 
lightweight architectures with lower parameter counts and computational complexity [9]. To measure and manage 
carbon footprints, tools such as CarbonTracker, CodeCarbon, Green Algorithms, and PowerTop estimate the 
energy consumption and emissions of AI workloads [10]. On the system side, the design of LLM inference services 
balances performance, energy, and cost: batching combines concurrent requests for joint processing, parallelism 
tuning adapts GPU counts to workloads, frequency scaling lowers GPU power, and scheduling and software 
optimization raise utilization and throughput [28]. 

Table 3 summarizes the principal techniques in a structured comparison, spanning model-level (quantization, 
pruning, knowledge distillation, compact and mixture-of-experts architectures) and system-level (batching, DVFS, 
carbon- and price-aware scheduling) methods. The central message is that every technique exchanges one scarce 
resource for another: quantization and distillation exchange accuracy for energy and memory; batching exchanges 
per-request latency for throughput and energy efficiency; DVFS exchanges speed for power; and workload 
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scheduling exchanges temporal immediacy for cheaper or cleaner energy. Quantifying and managing these trade-
offs, rather than assuming energy savings are free, is a prerequisite for deploying them in production LLM services [28]. 
Token-efficiency techniques are becoming more valuable as reasoning-enhanced models multiply output token 
counts, and thus inference energy, per query [29,30]. 

Table 3. Structured comparison of green-computing techniques for large-model workloads. 

Technique Mechanism Typical Energy Effect Main Trade-Off Best Suited for 

Quantization 
Lower-precision weights and 
activations (e.g., 
INT8/FP8/INT4) 

Lower memory traffic and 
compute per token; higher 
throughput per accelerator 

Accuracy degradation at 
aggressive bit-widths; 
kernel support varies 

Inference, especially 
memory-bound models 

Pruning Remove redundant weights, 
channels or experts 

Smaller compute and 
memory footprint 

Requires re-tuning; 
unstructured sparsity hard 
to realize on GPUs 

Deployment under tight 
resource budgets 

Knowledge 
distillation 

Train a smaller student model 
from a larger teacher 

Order-of-magnitude fewer 
parameters at deployment 

Capability gaps versus the 
teacher; upfront training 
cost 

High-volume inference 
services 

Compact/MoE 
architectures 

Efficient architectures and 
conditional computation 

Better quality per FLOP 
for training and inference 

Training complexity; 
routing and memory 
overhead 

Both training and 
inference at scale 

Batching and 
request scheduling 

Group concurrent requests; 
schedule to utilization valleys 

Higher GPU utilization; 
lower energy per token 

Higher and more variable 
per-request latency 

Latency-tolerant or 
heavily loaded services 

DVFS/frequency 
scaling 

Lower processor frequency and 
voltage 

Near-linear power savings 
per frequency reduction 

Slower execution; possible 
SLO violations 

Power-capped or non-
urgent jobs 

Carbon-/price-
aware scheduling 

Shift flexible jobs to cleaner or 
cheaper hours and regions 

Little direct energy saving; 
reduces emissions and 
energy cost 

Requires delay tolerance 
and reliable forecasts 

Training and batch 
inference with deadlines 

Note that Table 3 deliberately reports energy effects qualitatively: reported savings vary widely with model, hardware and 
serving stack, and cross-paper quantitative comparisons are often not reproducible, which is itself a motivation for the 
standardized metrics of Section 3.3. 

For LLMs specifically, the dominant decoder-only transformer architecture has a characteristic energy profile 
that shapes which techniques pay off. First, self-attention cost grows with context length, and autoregressive 
decoding is memory-bandwidth-bound: each generated token requires reading the key-value (KV) cache of all 
previous tokens, so energy per token is dominated by memory traffic rather than arithmetic, which is why 
quantization of weights and KV caches yields savings that FLOP counts alone do not predict [28,30]. Second, 
architecture families differ systematically: dense models spend all parameters on every token, whereas mixture-
of-experts (MoE) models activate only a subset per token, exchanging memory capacity for per-token compute 
efficiency, and speculative decoding uses a small draft model to let the large model verify multiple tokens per 
forward pass, trading a cheap draft for fewer expensive passes. Third, model scale translates into energy: across 
the open-weight models measured in Section 5.1, the 7-8B class emits roughly an order of magnitude less CO2 per 
query than the 70B class, so choosing the smallest capability-sufficient model is the single highest-leverage 
efficiency decision. This is also where LLM-specific distillation and pruning matter: distilling a 70B-class teacher 
into a 7-8B-class student preserves much of the instruction-following and reasoning capability at an order-of-
magnitude lower per-token energy, and INT8/INT4 quantization of open-weight LLMs has become standard 
deployment practice [8,9]. The trade-off is always capability versus energy: reasoning-enhanced variants multiply 
output tokens, and thus energy, per query [29], so token-efficiency and output-length control belong in the same 
toolbox as architecture selection. 

3.3. Sustainability Metrics 

Comparing the approaches above requires standard metrics. At the facility level, power usage effectiveness 
(PUE), the ratio of total facility energy to IT equipment energy, is the dominant efficiency metric [31]; modern 
hyperscale facilities operate near 1.1–1.2, while older facilities commonly exceed 1.5. The energy reuse 
effectiveness (ERE) extends PUE when waste heat is recovered (Section 3.1). Carbon usage effectiveness (CUE) 
multiplies facility energy by the carbon intensity of the supplying grid and normalizes the result by IT equipment 
energy, and water usage effectiveness (WUE) measures litres of water consumed per kilowatt-hour of IT energy; 
both link facility efficiency to the environmental characteristics of the site [11,31]. At workload level, energy per 
token or per inference (joules per generated token or per completed query) and carbon per workload (grams of 
CO2-equivalent per training run or per query) combine hardware power draw, PUE, and grid carbon intensity, and are 
the units in which LLM energy studies now report [7,32–34]. Finally, hourly carbon-free-energy percentage measures 
the temporal matching quality of supply under 24/7 CFE procurement [22]. Table 4 summarizes these metrics. 
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Table 4. Standard sustainability metrics for data centers and large-model workloads. 

Metric Definition Unit Scope and Notes 

PUE Total facility energy divided by IT 
equipment energy dimensionless Facility level; lower is better; blind to energy source 

and water 

ERE Extension of PUE crediting recovered 
waste heat dimensionless Facility level; relevant where heat reuse exists 

CUE CO2-equivalent emissions per unit of IT 
energy kgCO2e/kWh Facility level; couples PUE with grid carbon 

intensity 
WUE Water consumed per unit of IT energy L/kWh Facility level; site-dependent; includes cooling water 
Energy per 
token/inference 

Energy per generated token or per 
completed inference J/token, J/query Workload level; hardware-, stack- and model-

dependent 
Carbon per 
workload CO2e per training run or per query gCO2e/run, 

gCO2e/query 
Workload level; combines energy per token with 
PUE and grid carbon intensity [33,34] 

Hourly CFE % Share of consumption matched by 
carbon-free supply in each hour % Supply level; measures quality of 24/7 matching [22] 

Two caveats apply. First, metric values are highly site- and grid-dependent, so comparisons across studies 
require care. Second, metrics can conflict: a low-PUE data center on a carbon-intensive grid may emit more than 
a high-PUE facility on a clean grid, which is precisely why facility efficiency and energy supply should be 
optimized jointly, the subject of Section 4. It should also be noted that operational metrics omit embodied carbon 
in hardware manufacturing; lifecycle assessments of AI systems attempt to close this gap [35]. 

3.4. Quantum Computing: Prospects and Caveats 

Quantum computing is often proposed as a long-term solution to the energy cost of AI computing: qubit 
superposition and entanglement, together with quantum algorithms, promise speedups in parallel processing, 
search and optimization, and quantum simulation could accelerate materials research relevant to batteries and 
energy technologies [36]. These prospects should be weighed against three caveats. First, current quantum 
hardware remains limited in qubit count, fidelity, and error correction, and practical quantum advantage for 
workloads relevant to large-model computing is still an open question rather than an established fact [37]. Second, 
energy accounting must include overheads: many leading platforms require cryogenic cooling, in the millikelvin 
range for superconducting qubits, whose energy demand, together with control electronics and classical co-
processing, can offset claimed savings; whether a net energy-efficiency quantum advantage materializes is itself 
an active research question [37]. Third, projections of gigaton-scale CO2 abatement by 2035, illustrated in Figure 3, 
rest on optimistic assumptions about hardware scaling and technology diffusion and should be read as upper-bound 
estimates [38]. Quantum computing is therefore best treated as a longer-horizon option for large-model energy 
management rather than a near-term solution. 

 

Figure 3. Projected application-level CO2 emission-reduction potential by 2035 (gigatonnes) under optimistic 
technology-adoption assumptions [38]. 

4. Computing-Energy Synergy 

Computing-energy synergy (CES) leverages new-type power systems as its foundation and is guided by the 
high-quality development of computing infrastructure. With advances in intelligent scheduling, source-grid-load-
storage coordination, power supply and backup systems, and green-power aggregation, CES promotes innovation 
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in both technologies and mechanisms. Its goal is holistic optimization of computing and power systems across 
industrial planning, operational management, resource allocation, and market design. This section describes the CES 
framework (Section 4.1), analyses the workload flexibility that makes coordination possible (Section 4.2), compares 
CES algorithms (Section 4.3), and examines the engineering constraints that determine feasibility (Section 4.4). 

4.1. CES Framework 

As shown in Figure 4, CES involves four key components: power source, power grid, energy storage, and 
computing load [39]. Innovative paradigms for integrated source-grid-load-storage systems are built through 
bilateral coordination and interaction among the components: flexible adjustment of computing workload helps 
optimize the allocation of power resources, and green-electricity and green-certificate trading mechanisms 
improve the utilization of renewable energy. CES is a progressive development process, from exploration to 
maturity and from coordination to full integration, commonly divided into four stages [40]: (1) initial exploration, 
in which the two systems begin to coordinate; (2) early development, in which policy support shapes a preliminary 
coordination mechanism; (3) deep coordination, in which the industry chain is largely established; and (4) full 
integration, in which clean energy is deeply integrated, and computing and energy systems merge into an efficient, 
green, and intelligent paradigm. 

 

Figure 4. Basic framework of computing-energy synergy. 

In China, the computing-power industry is large and fast-growing but energy-intensive, regionally 
concentrated, and thus a substantial burden on local grids; the computing load shows stable, seasonally cyclical 
patterns whose flexible-adjustment potential remains underutilized, and green-electricity integration is urgently 
needed [14]. The existing “West-to-East Power Transmission” and “Eastern Data, Western Computing” projects 
operate largely independently, with separate optimization for the power system and the computing network. Yang 
et al. [41] therefore proposed a CES framework as an enhancement and supplement to the two projects, aiming at 
more efficient, low-carbon energy utilization through coordinated scheduling, multi-spatiotemporal optimization, 
virtualization technologies, data-flow collaboration, and improved market mechanisms. 

4.2. Workload Classes and Their Flexibility 

Flexible computing demand is the linchpin of CES, but flexibility differs radically across workload classes, 
and conflating them leads to either infeasible schedules or wasted flexibility. A useful separation is between delay-
tolerant and latency-sensitive workloads, summarized in Table 5. 

Foundation-model pre-training and large-scale fine-tuning run for weeks to months, consume GWh-scale 
energy per run, and are structurally delay-tolerant: periodic checkpointing allows interruption, migration and 
restart, and batch scheduling allows start-time deferral. Training is therefore the primary target of carbon- and 
price-aware temporal shifting, and its tolerance for interruption makes it an analog of deferrable industrial loads 
in demand-response programmes [13]. Interactive LLM inference (chatbots, coding assistants, agents) faces strict 
latency requirements, typically hundreds of milliseconds for first-token response, and 24/7 arrival patterns; its 
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temporal flexibility is small, and the levers that remain are request batching, model downsizing and distillation, 
and geographic load balancing across data centers [7,28]. Offline or batch inference (document processing, large-
scale evaluation, media generation) carries deadlines of minutes to hours and is largely delay-tolerant, making it, 
together with training, the dispatchable portion of AI demand. HPC simulations have variable deadlines and 
scheduling flexibility, and traditional enterprise workloads are mostly batch processes that are easily shifted. Since 
inference dominates the lifecycle energy of deployed AI services [29,35], efficiency levers (Section 3.2) matter 
more for interactive inference, while scheduling levers matter more for training and offline inference; a CES 
framework should treat the former as efficiency-constrained firm demand and the latter as dispatchable demand-
side resources. 

Table 5. Workload classes for large-model computing and their flexibility characteristics. 

Workload Class Latency Requirement Temporal Flexibility Energy Profile Grid-Interaction 
Mechanisms 

Foundation-model pre-
training/large fine-tuning 

None beyond project 
deadline 

High (checkpoint, 
migrate, defer start) 

GWh-scale per run; 
sustained multi-week draw 

Carbon-/price-aware shifting; 
interruption for curtailment; 
capacity bidding 

Interactive LLM 
inference 

Strict SLOs (hundreds 
of ms first token) Low Continuous 24/7; scales with 

traffic and output length 

Batching; model downsizing; 
geographic load balancing; 
efficiency levers 

Offline/batch inference Minutes-to-hours 
deadlines High Large blocks of shiftable 

compute 
Temporal shifting to 
clean/cheap hours; queueing 

HPC simulation Variable deadlines Moderate Sustained node-hours Scheduling within deadlines; 
curtailment participation 

Traditional 
enterprise/batch Hours to days High Small blocks, easily deferred Conventional demand 

response 

4.3. CES Algorithms 

CES algorithms couple power flow and data flow for the joint optimization of energy and computing 
resources [42–45]. By system architecture and control method, they fall into three families with distinct 
characteristics and application scopes; to date, the field has evolved from one-way scheduling to two-way 
interaction, and from centralized optimization to distributed coordination. 

The centralized family aggregates information from all computing and power nodes to a central scheduler 
that performs global optimization. Its advantage is the theoretically global optimal solution; its challenges are high 
computational complexity, difficult privacy protection, and heavy communication overhead. It suits regional, 
small- to medium-scale systems. The distributed family adopts a multi-agent architecture in which each computing 
or power node is an independent decision maker and system-wide coordination emerges from information 
exchange and local optimization; it scales well and protects privacy better, but suffers slow convergence and high 
coordination complexity, fitting multi-cloud data centers and cross-regional computing hubs. The hybrid family 
combines the two, typically with hierarchical control: an upper layer for global coordination and macro-
optimization, a lower layer for local optimization and autonomous decision-making. It balances global optimality 
and local autonomy at the price of high system complexity and interface-standardization challenges, fitting 
complex systems such as a nationwide integrated computing network. Table 6 compares the three paradigms. 

Table 6. Comparison of CES algorithmic paradigms. 

Paradigm Scalability Communication 
Requirement Privacy Computational 

Complexity Typical Applications 

Centralized Low to moderate High (all node information 
to a center) Weak High at the center; 

grows with system size 

Regional, small- to 
medium-scale systems; 
single-operator 
campuses 

Distributed High Moderate (peer exchange of 
local states) 

Strong (local data 
stays local) 

Moderate per node; 
slow convergence 

Multi-cloud data 
centers; cross-regional 
computing hubs 

Hybrid High Layered (aggregate up, 
dispatch down) Moderate Balanced across layers 

Nationwide integrated 
computing networks; 
provincial-national 
coordination 

The three families can be placed on a common mathematical footing with a representative joint scheduling 
problem. Let 𝑇 denote the scheduling horizon and 𝑡 an interval within it; let 𝑔௧ denote the grid import, 𝑠௧ and 𝑑௧ 
the storage charging and discharging power, 𝐷௧ the computing demand of the schedule, and 𝑟௧ the flexible workload 
deferred beyond the horizon. The operator minimizes the sum of electricity cost, carbon cost, and deferral penalty: 
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min∑ ሾ𝜋௧𝑔௧ + 𝜆஼ைమ𝑒௧𝑔௧ሿ௧∈் + 𝜇 ∑ 𝑟௧௧∈்   (1)

where 𝜋௧ is the electricity price in interval? 𝑡, 𝑒௧ the grid carbon intensity (tCO2e per MWh), 𝜆஼ைమ the carbon 
price (currency per tCO2e), and 𝜇 the deferral penalty per unit of deferred workload, subject to four constraint 
families: (i) power balance, 𝑔௧ + 𝑑௧ − 𝑠௧ = 𝐷௧ ⋅ PUE, with the PUE factor covering cooling overhead (Section 
3.3); (ii) storage dynamics, battery state evolving with charging and discharging efficiencies within capacity and 
degradation limits; (iii) computing feasibility, each training or batch job completing by its deadline and interactive 
inference served within its latency SLO (Section 4.2); and (iv) network feasibility, power flows on each corridor 
remaining within transmission limits (Section 2.1). The formulation makes explicit where the three algorithm 
families diverge: the centralized family solves the resulting optimization problem globally, typically in a model-
predictive rolling-horizon fashion [42]; the distributed family decomposes it by Lagrangian duality, ADMM or 
auction mechanisms so that nodes exchange only prices or boundary variables [44,45]; and the hybrid family 
solves a coarse master problem centrally, and delegates constrained subproblems to local controllers [41]. 
Published coordinated-scheduling studies of data centers and power systems follow exactly this pattern, differing 
mainly in how realistically the constraint families are modelled [42,43]. 

Key design factors include the spatiotemporal flexibility of computing tasks (Section 4.2), the security 
constraints of the power system, the variability of renewable energy and the coordination of interests among 
multiple stakeholders [42,43]. With advances in AI and the Internet of Things, CES algorithms are evolving from 
static planning to dynamic perception, from single-objective to multi-objective optimization, and from rule-based 
to data-driven methods [44,45]; as computing demand grows explosively and power-system transformation 
deepens, algorithmic innovation and the energy transition reinforce each other. 

4.4. Engineering Constraints and Feasibility 

The CES literature often optimizes abstract cost functions under simplified assumptions; in practice, six 
engineering constraints shape what coordination can achieve, and each implies specific design responses (Table 7). 
(a) Renewable-supply uncertainty: wind and solar forecasts are imperfect at operational horizons, so carbon- or 
price-aware schedules must be robust or stochastic, with reserve margins and recourse actions rather than 
deterministic plans [13]. (b) Storage-capacity limits: on-site batteries cover minutes to a few hours, so storage 
buffers short mismatches but cannot bridge multi-day renewable droughts; computing load itself, being 
dispatchable, can act as a virtual storage that reduces the required physical capacity [42]. (c) Grid congestion: 
transmission limits between generation-rich and demand-rich regions, salient in the contrast between western 
generation and eastern demand in China, mean that locational signals, not just temporal ones, must enter the 
scheduling objective, and geographic load balancing must respect network capacity [41]. (d) Workload deadlines: 
training runs and offline-inference batches have completion deadlines that bound the depth of delay; schedules 
must preserve probabilistic completion guarantees, as CICS does through risk-aware capacity curves [13]. (e) Latency 
requirements: interactive inference SLOs constrain curtailment participation and geographic shifting, since network 
latency adds to service latency; only efficiency levers remain feasible during tight grid conditions [28]. (f) Electricity- 
and carbon-price volatility: price spikes and carbon-price swings expose data-center operators to cost risk, which 
long-term power purchase agreements hedge but which also weakens the price signal that CES scheduling exploits; 
market design must reconcile these two functions [45]. 

Table 7. Engineering constraints on CES and corresponding design responses. 

Constraint Impact on CES Operation Design Responses 
Renewable-supply 
uncertainty 

Forecast errors make deterministic schedules 
infeasible or carbon-suboptimal 

Stochastic/robust optimization; reserve margins; 
rolling-horizon re-optimization [13] 

Storage-capacity limits Batteries buffer only short mismatches; 
degradation limits cycling 

Computing load as virtual storage; hybrid storage 
sizing; duration-aware dispatch [42] 

Grid congestion Temporal shifting alone cannot deliver 
power across congested corridors 

Locational signals; geographic load balancing 
within network limits; siting coordination [41] 

Workload deadlines Bounded delay depth for training and batch 
inference 

Risk-aware capacity curves; probabilistic 
completion guarantees [13] 

Latency requirements Interactive inference cannot be delayed or 
moved freely 

Efficiency levers (batching, DVFS within SLO); 
admission control; edge offloading [28] 

Electricity/carbon 
price volatility 

Cost risk to operators; unstable incentives for 
flexibility 

Long-term PPAs as hedge; separate hedging from 
dispatch signals; market-rule design [45] 

Against this background, three research gaps emerge. Gap 1: coupling 24/7 CFE procurement with workload 
scheduling. Procurement decides the supply side and CICS-style scheduling decides the demand side, but joint 
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optimization of the two is largely unexplored; the procurement literature treats demand as fixed, while the 
scheduling literature takes the supply portfolio as given [13,22]. Gap 2: co-scheduling delay-tolerant training with 
latency-sensitive inference. A single framework that respects both energy signals and inference SLOs, with 
training as the flexible resource that absorbs forecast errors created by rigid inference demand, is still missing. Gap 
3: embedding realistic power-system constraints into CES algorithms. Network limits, storage state dynamics, and 
price/carbon volatility are often abstracted away in existing coordinated-scheduling models [41–45]; closing this 
gap requires co-design between power-system and computer-systems research. 

4.5. Implementation Cases, International Perspectives and Adoption Barriers 

Although large-scale, fully integrated CES does not yet exist, several implementations approximate its 
building blocks. Google’s carbon-intelligent computing system is the most documented demand-side case: carbon-
aware capacity curves time-shift flexible workloads across hours based on next-day carbon-intensity forecasts, in 
production since 2020–2021 and reported to shift substantial flexible compute to cleaner hours [13]. Chinese 
coordinated-scheduling studies have modelled data-center demand management and bidirectional optimization 
between computing nodes and power nodes under the country’s “Eastern Data, Western Computing” topology, 
demonstrating cost and renewable-utilization gains in simulation and pilot settings [42–44]. Voluntary corporate 
procurement in the United States shows the supply side of the synergy: power purchase agreements at hyperscale, 
and the shift of leading operators from annual towards hourly 24/7 carbon-free matching, which system-level studies 
identify as the procurement strategy with consistent emission impact [16,22]. Regulatory approaches differ: China’s 
program is state-led and plan-coordinated through national computing-network and power-sector planning [14,40]; 
the United States relies on corporate procurement and electricity-market signals [22]; and the European Union is 
regulation-led, with mandatory energy and water reporting for data centers and national efficiency requirements (for 
example, binding PUE-oriented rules in Germany) that push facilities towards measurable efficiency targets [6]. 
These international perspectives suggest that CES can be entered from either the demand side (scheduling), the 
supply side (procurement), or the regulatory side (reporting and efficiency mandates), but that its full value is 
realized only when the three are aligned. 

Adoption barriers are correspondingly economic and institutional as much as technical. Split incentives: the 
data-center operator bears the cost of flexible scheduling and on-site storage, while much of the benefit, reduced 
curtailment, deferred grid reinforcement, accrues to the power system and is not compensated unless market rules 
reward demand-side participation [41]. Market access: computing loads are not uniformly eligible to offer 
flexibility products in electricity markets, and participation rules were designed for conventional industrial demand 
response [45]. Data confidentiality: effective coordination requires the power system to learn about computing 
schedules and vice versa, raising commercially sensitive information issues that privacy-preserving scheduling 
only partially resolves [45]. Regulatory and price uncertainty: volatile electricity and carbon prices make long-
term contracts costly to price, and inconsistent carbon-pricing coverage across jurisdictions distorts siting decisions 
[40]. Overcoming these barriers is a policy-design problem as much as an algorithm-design problem, and it 
interacts with the rebound and accounting issues discussed in Section 5.2. 

5. Discussion 

With the acceleration of digital transformation, the demand for computing power is surging, and computing 
power has become a crucial metric for assessing a nation’s technological capability and overall competitiveness. 
This section discusses large-model-specific quantitative evidence (Section 5.1), then offers critical analyses that 
the survey literature usually leaves implicit: efficiency growth and its rebound (Section 5.2), carbon accounting 
and offsetting (Section 5.2), water and other externalities (Section 5.3), international policy differences (Section 
5.4), and the limitations both of existing approaches and of this survey itself (Section 5.5), before outlining 
development trends (Section 5.6). 

5.1. Large Model-Specific Analysis 

Assessing the sustainability of LLMs requires a holistic evaluation of their environmental impact across the 
entire lifecycle, from hardware manufacturing through training, inference, deployment, and decommissioning. 
Because of transparency limitations, research has focused on measurable energy consumption in the training and 
inference phases, converting greenhouse-gas emissions into CO2 equivalents for comparability [33]. Targeting 
high-performance computing (HPC), the open-source Python package perun evaluates the energy consumption of 
HPC applications by measuring power usage, memory utilization, and response time during execution [46]. The 
energy consumption of a compute node is calculated with: 
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𝐸୬୭ୢୣ = න𝑃ୡ୮୳ሺ𝑡ሻ+ 𝑃୥୮୳ሺ𝑡ሻ+ 𝑃୫ୣ୫ሺ𝑡ሻ+ 𝑃୭୲୦ୣ୰ሺ𝑡ሻ𝑑𝑡 (2)

where P(·) denotes the power draw of individual hardware components and the terms are integrated over the 
operating interval. With PUE, the power-usage-effectiveness factor of the data center (Section 3.3), the total energy 
consumption of an HPC application running on multiple nodes is: 𝐸୲୭୲ୟ୪ = PUE ×෍𝐸୬୭ୢୣ௜  (3)

Training-side measurements complement this picture. Patterson et al. [34] estimated that training GPT-3 
consumed about 1287 MWh of energy and produced about 552 tCO2e of emissions, and Luccioni et al. [33] 
measured about 433 MWh and roughly 25 tCO2e (operational) for the 176B-parameter BLOOM model, figures 
that are material but one-off per model, whereas the inference phase of a deployed model repeats its energy and 
water cost on every query and, over a service lifetime, dominates the lifecycle footprint [29,35]. This asymmetry 
justifies the workload-class separation of Section 4.2: training flexibility is about when and where to spend large 
one-off blocks, while inference efficiency is about the recurring cost curve. 

Based on perun measurements, the total CO2-equivalent emissions from processing a subset of the MMLU 
dataset [47] for typical open-weight LLMs are shown in Figure 5. Two patterns stand out. First, emissions scale 
with model size at fixed accuracy targets, which is why the compression techniques of Section 3.2 translate directly 
into carbon savings. Second, reasoning-capable variants generate several times higher per-query emissions than 
their non-reasoning counterparts, because longer generated outputs multiply token-level energy [29,32]. This 
makes a strong case for token-efficiency techniques and for reporting energy per token as a standard metric, as 
advocated in Section 3.3. 

 

Figure 5. Per-request inference CO2-equivalent emissions (log scale, grams) of selected open-weight LLMs, with 
and without reasoning, measured with perun [46] while processing a subset of the MMLU dataset [47]; source: 
Dauner and Socher [32]. 
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5.2. Critical Analysis I: Efficiency, the Rebound Effect, and Carbon Accounting 

The rebound effect. A recurring assumption in the green-computing literature is that per-computation 
efficiency gains translate into lower aggregate energy use. The evidence reviewed above cautions otherwise. Data-
center electricity consumption grew by roughly 12% per year over the past five years even as efficiency per 
computation improved steadily [6], and economic history, from Jevons’ observation on coal onward, suggests that 
cheaper computation stimulates demand: efficiency gains in AI compute have so far been reinvested into larger 
models, longer contexts and wider deployment rather than into absolute reductions [30]. Efficiency techniques 
(Section 3.2) therefore function as a brake on growth, with a brake pedal held by demand; they are necessary for 
sustainability but demonstrably insufficient, which strengthens, rather than weakens, the case for coordinating 
computing demand with low-carbon supply through CES. Reviews that report per-model savings without asking 
what happens to aggregate demand overstate their practical contribution. 

Carbon accounting and verification. Much of the discrepancy between corporate claims and system-level 
outcomes traced in Section 3.1 is an accounting artefact. Under market-based Scope 2 accounting of the GHG 
Protocol [48], a data center can report near-zero emissions by buying unbundled renewable certificates equal to its 
consumption, even while drawing fossil power hour by hour; system-level studies find that such annual volumetric 
matching yields little additional emission reduction [22]. Hourly-matched 24/7 CFE accounting aligns claims with 
physical reality far better but is more expensive and still voluntary. Carbon offsetting faces analogous quality 
problems: offsets vary widely in permanence, additionality and leakage, and using them to neutralize continuing 
operational emissions embeds those problems in the AI supply chain. Three implications follow for the field: first, 
papers should state explicitly which accounting basis (location-based, market-based, or hourly-matched) underlies 
reported footprints; second, third-party verification of AI carbon claims remains immature and should precede 
regulation-by-reporting; and third, the hourly CFE percentage should be reported as a default metric alongside 
PUE and energy per token (Section 3.3). 

5.3. Critical analysis II: Water and Other Environmental Externalities 

Carbon dominates the discussion, but it is not the only externality. Water is the most under-reported: LLM 
inference consumes water both indirectly, through the electricity mix, and directly, through evaporative cooling, 
and inference-scale studies now report water footprints per query that, multiplied across billions of daily queries, 
amount to substantial volumes, concentrated in the very arid regions where solar-rich siting is attractive [7,20,21]. 
Data centers in the United States were estimated to consume water on the order of hundreds of billions of litres 
per year directly and indirectly [20], and siting decisions that optimize for carbon can therefore worsen water 
stress, a trade-off that single-metric optimization misses and that the joint-metrics view of Section 3.3 is designed 
to expose. Embodied carbon in accelerators and the e-waste stream from rapid hardware refresh cycles are likewise 
growing with fleet turnover [35], and land, noise, and community impacts of hyperscale campuses increasingly 
provoke local opposition that can delay or cancel projects. The practical lesson for large-model computing is that 
multi-criteria siting and reporting- carbon, water, materials- is not environmental decoration but a risk-
management requirement. 

5.4. International Policy Perspectives 

The policy environment for computing-energy coordination is fragmenting along regional lines, with 
consequences for where large-model computing locates and how CES can be implemented. China pursues state-
led coordination: national computing-network planning (“Eastern Data, Western Computing”), green-electricity 
and green-certificate trading, and coordinated development programmes for computing and electricity [14,40]. 
The United States relies primarily on market signals and voluntary corporate procurement, with power purchase 
agreements and the emerging practice of hourly 24/7 carbon-free matching [16,22]. The European Union is 
regulation-led: mandatory energy and water reporting for data centers under energy-efficiency legislation, and 
national rules such as Germany’s binding efficiency requirements, push operators towards measurable targets 
regardless of procurement strategy [6]. For the CES agenda, this heterogeneity cuts both ways: it creates natural 
experiments from which researchers can extract comparative evidence, but it also means that scheduling 
algorithms, procurement instruments and reporting standards are not portable across jurisdictions, and that carbon- 
or price-driven load shifting may simply relocate emissions across regulatory boundaries rather than eliminate 
them. Comparative studies across these three regimes are scarce and constitute a research gap in their own right. 
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5.5. Limitations of Existing Approaches and of This Survey 

Limitations of the approaches reviewed. On the supply side, annual renewable matching is weakly additional, 
and even 24/7 CFE remains voluntary, costly, and dependent on hourly metering infrastructure that many markets 
lack [22]. On the efficiency side, reported savings are rarely reproduced across hardware and serving stacks, 
benchmarks can be gamed, and rebound effects erode aggregate gains (Section 5.2). On the CES side, the literature 
overwhelmingly reports simulation or pilot studies under abstracted constraints, network limits, storage state, price 
volatility and, crucially, adversarial or multi-stakeholder behaviors are seldom modelled (Sections 4.3 and 4.4), 
and no fully integrated national-scale CES deployment yet exists to validate the coordinated-scheduling gains 
claimed in simulation [41–43]. On the metrics side, site dependence and the absence of standardized reporting 
make cross-study comparison hazardous (Section 3.3). 

Limitations of this survey. This is a narrative review, not a systematic one: no PRISMA-style screening 
statistics are reported, study quality was not formally scored, and coverage is limited to English- and Chinese-
language literature through September 2025; given the pace of the field, some preprint results cited here may be 
revised or superseded. The quantitative evidence assembled is heterogeneous in metrics and sites, which prevents 
meta-analysis; we have therefore confined quantitative comparison to internally consistent sources (for example, 
the perun-based measurements of Figure 5). The engineering-constraint analysis (Section 4.4) and the conceptual 
framework (Figure 1) are qualitative syntheses, not validated models. These limitations are reflected in the research 
gaps of Section 4.4. 

5.6. Development Trends and Policy Directions 

Building on new-type power systems, efforts are directed toward reducing energy consumption and carbon 
emissions across computing infrastructure. Four priorities follow from the evidence reviewed. First, increase the 
share of verifiable green energy in data centers, integrating green-energy usage into energy-saving evaluations and 
moving from annual matching toward hourly 24/7 CFE accounting, which is the procurement strategy most 
consistently associated with real emission reductions [22]. Second, deepen the integration of computing networks 
and power grids by exploring direct green-supply models such as local delivery, on-site consumption and 
aggregated trading, so that computing infrastructure obtains a stable renewable supply. Third, unlock demand-side 
flexibility along the workload taxonomy of Section 4.2, treating training and offline inference as dispatchable 
resources in electricity markets and ancillary-service programmes [14]. Fourth, provide institutional support: a 
multidimensional policy system covering organizational coordination, monitoring and evaluation, pilot projects, 
incentive mechanisms and risk prevention, together with a clear long-term roadmap, is a precondition for large-
scale CES deployment [40]. 

6. Conclusions 

This review synthesized recent evidence on green energy, green computing and computing-energy synergy 
for large-model computing. Four evidence-based conclusions emerge. First, green energy provides low-carbon 
electricity for large-model computing and reduces operational emissions, but annual renewable matching alone 
does not guarantee continuous carbon-free operation; hourly 24/7 carbon-free-energy matching is currently the 
procurement strategy most consistently associated with system-level emission reductions, at a non-trivial cost 
premium [22]. Second, green computing reduces energy per unit of computation through efficient architectures, 
model compression and system-level techniques, with trade-offs in accuracy or latency that must be made explicit 
and measured with standardized metrics (Tables 3 and 4) [28]; because efficiency gains are partly reinvested into 
larger models and wider deployment, these gains brake rather than reverse aggregate demand growth [6,30]. Third, 
CES couples power flow and data flow for the joint optimization of energy and computing resources; given that 
data-center electricity demand is projected to more than double by 2030 [6], supply-side and efficiency measures 
alone are unlikely to suffice, and the workload flexibility of training and batch inference makes CES a promising 
coordination paradigm. Fourth, the feasibility of CES at scale depends on engineering constraints, in particular 
renewable-supply uncertainty, storage limits, grid congestion, workload deadlines, latency requirements and price 
volatility, which the literature has only begun to address (Section 4.4). 

CES should therefore be seen as one important pathway among several, alongside green-energy deployment, 
efficiency improvement and siting strategy, whose distinctive value lies in unlocking demand-side flexibility that 
the other pathways cannot provide; claims that it is the only path toward sustainable computing are not supported 
by the current evidence. This review has limitations: it is narrative rather than systematic; the field is fast-moving; 
and cross-study comparison is hindered by heterogeneous metrics (Section 3.3). Future work should pursue the 
three research gaps identified in Section 4.4: quantitative co-optimization of 24/7 carbon-free procurement and 
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workload scheduling, unified frameworks for delay-tolerant and latency-sensitive co-scheduling, and CES 
algorithm design under realistic power-system constraints, so that the coordination of computing and energy 
systems can be assessed on measurable, comparable, and reproducible grounds. 
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