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ABSTRACT

The computational demands of Al training and inference are growing at a rate that substantially outpaces hardware
efficiency improvements, creating an expanding environmental footprint that is increasingly difficult to reconcile with
corporate sustainability commitments and regulatory carbon reporting obligations. Training a frontier large language
model now consumes estimated 500-1,000 tonnes of CO2-equivalent emissions; global Al inference may already exceed
the annual carbon footprint of a small European country. This study evaluates eight sustainable Al computing strategies
across three dimensions: energy efficiency improvement, carbon footprint reduction, and capability preservation.
Strategies evaluated include model compression (INT8/INT4 quantisation, knowledge distillation, structured pruning),
hardware efficiency (H100 vs. A100, TPU v5e), carbon-aware geographic and temporal scheduling, renewable energy
procurement, and a proposed Carbon-Aware Al Training Framework (CATF). CATF achieves 42.4% carbon reduction at
1.8pp capability cost combining carbon-aware scheduling with INT8 quantisation and sparse training. H100 hardware
achieves 2.8x energy efficiency improvement. Renewable PPA achieves 84% carbon reduction at zero capability cost --
the highest-impact single action. Full sustainable scenario (H100 + 100% renewable + CATF + INT8) achieves 96.8%
carbon footprint reduction at 0.8pp capability cost. A sustainable Al governance framework aligned with CSRD is
proposed.
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1. Introduction

1.1 The AI Energy Challenge

The carbon footprint of Al has moved from an
academic curiosity to a corporate reporting
obligation. Under the EU Corporate Sustainability
Reporting Directive (CSRD), large companies must
report Scope 1, 2, and 3 emissions from 2025,
including emissions from digital infrastructure. Al
training and inference are among the
fastest-growing components of enterprise digital
emissions. A company that trains one frontier LLM
per year and serves millions of daily inference
requests may find that AI alone accounts for
10-30% of its total reported Scope 2 and 3
emissions. The sustainability imperative for Al is
no longer optional -- it is becoming a regulatory
requirement and an investor expectation.

1.2 The Efficiency-Capability Trade-off

The fundamental challenge of sustainable AI
computing is that the most accurate models are
typically the most computationally expensive.
Frontier LLMs achieve capabilities through scale --
more parameters, more training data, more
compute -- each increment increasing energy
consumption. Efficiency techniques (quantisation,
pruning, distillation) can substantially reduce
compute requirements but typically introduce
some performance degradation. The key question
is: how much efficiency gain is achievable at
acceptable capability cost? The answer varies
substantially by application -- a creative writing
assistant can  tolerate larger  capability
degradation than a clinical decision support
system.

1.3 Study Objectives

This study aims to: (i) quantify energy and carbon
footprint of AI training and inference across
hardware configurations; (ii) evaluate eight
sustainable Al computing strategies on efficiency,
carbon, and capability; (iii) evaluate CATF's

combined approach; and (iv) propose a
CSRD-aligned sustainable Al governance
framework.

2. Literature Review

2.1 Al Energy Consumption Measurement

Strubell et al. (2019) first quantified NLP model
training carbon costs at scale, sparking broad
interest in Al energy efficiency. Patterson et al.
(2021) developed systematic measurement
methodology and argued that hardware efficiency
improvements and renewable energy could largely
offset growing AI compute demands -- a claim

subsequent analyses have partially contested
given the pace of model scale growth. Dodge et al.
(2022) showed that cloud instance location has a
larger impact on carbon intensity than hardware
generation, motivating geographic carbon-aware
scheduling as a primary sustainability lever.

2.2 Model Compression for Efficiency
Post-training INT8 quantisation (GPTQ,
LLM.int8()) reduces memory bandwidth by 2x and
GPU compute by 1.5-2x for LLM inference with
less than 1pp accuracy degradation on most tasks.
INT4 provides further 2x savings at larger
accuracy cost. Structured pruning removes entire
attention heads or MLP layers; unstructured
pruning removes individual weights. Knowledge
distillation trains a smaller student model on
teacher outputs, achieving 2-4x inference
efficiency at 3-bpp capability cost. These
techniques have matured substantially since 2022
with widely available tooling.

2.3 Carbon-Aware Scheduling

The carbon intensity of electricity varies
substantially by time and location -- from near-zero
in Scandinavian hydro/wind grids to 800+
gCO2/kWh in coal-heavy regions. Carbon-aware
computing schedules flexible workloads to run
when and where carbon intensity is lowest. Google
and Microsoft have both published results showing
20-40% carbon reduction from temporal and
geographic demand shifting. Real-time carbon
intensity APIs (Electricity Maps, WattTime) enable
automated carbon-aware scheduling at production
scale.

2.4 Efficient Architectures

Mixture of Experts architectures activate only a
fraction of model parameters per token, achieving
the capability of a larger dense model at lower
per-token inference compute. Flash Attention and
Grouped Query Attention reduce the quadratic
memory and compute cost of self-attention for long
sequences. Sparse pre-training reduces training
compute while maintaining model capability.
These architectural improvements mean that
frontier capability is achievable at substantially
lower compute cost than the naive parameter
scaling approach would require.

Table 1. Sustainable AI computing strategies
evaluated
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Strateg Mechani Appli Effici Capa Effort
y sm cabili ency bility
ty Gain Cost

INT8 qu  Precision | Infere 2.1x 0.8pp | Low
antisati reductio @ nce
on n
INT4 qu  Precision Infere 3.8x 2.4pp Low
antisati reductio | nce
on n
Knowle | Model co Both | 2.8x 3.4pp  Medium
dge mpressio
distil. n
Structu  Weightr Both | 1.8x 1.8pp Medium
red eduction
pruning
H100 h ' Hardwar Both | 2.8x | None @ High
ardware e efficien (capital)

cy
Carbon- | Grid Traini | 1.0x None @ Medium
aware carbon ng
sched. opt. batch
Renewa Energyp Both | 1.0x None | Low
ble rocurem
energy @ ent
CATF Combine | Traini  2.4x 1.8pp High
(ours) d ng+in

approach f.
CATF = Carbon-Aware Al Training Framework.

Efficiency gain = improvement in FLOP/Watt.
Carbon-aware scheduling and renewable energy do not
change computation (1.0x efficiency gain) but reduce

carbon intensity. Capability cost = mean accuracy
degradation across benchmarks. Low effort =
post-training change; High = infrastructure or capital

investment required.

3. Materials and Methods

3.1 Energy and Carbon Measurement

Energy consumption was measured for training a
7B  parameter language model (LLaMA-3
architecture) on 1 trillion tokens and for inference
serving at 1076 daily requests. Hardware: NVIDIA
A100 80GB (8-GPU node), NVIDIA H100 SXM5
(8-GPU node), Google TPU vbe (256-chip pod),
Intel Gaudi-2 (8-chip node). Energy measured via
NVIDIA NVML and BMC IPMI. Carbon intensity
data from Electricity Maps API (French and Nordic
grids). PUE of 1.12 applied for data centre
overhead. Emissions reported as kg COZ2e per
10712 training tokens.

3.2 CATF Design

CATF operates at three levels. Geographic
scheduling: training jobs routed to European data
centres based on real-time carbon intensity
(Electricity Maps API), prioritising Nordic facilities

(0-40 gCO2/kWh). Temporal scheduling: within a
fixed location, batch training shifted to low-carbon
hours (typically 2-6am for wind-heavy grids).
Algorithmic: INT8 quantisation for inference and
MOoE sparse architecture for training. CATF tracks
and reports carbon per training run aligned with
GHG Protocol Scope 2 location-based and
market-based methods.

3.3 Capability Evaluation

Capability was evaluated on four benchmarks
before and after each efficiency strategy: MMLU
(general language understanding), HumanEval
(code generation), MATH Level 1-3 (mathematical
reasoning), and HellaSwag (commonsense
reasoning). Capability Preservation Index (CPI) =
mean normalised performance across four
benchmarks relative to unoptimised baseline
(100% = no degradation). All benchmarks
evaluated at temperature=0.

3.4 Carbon Footprint Scenarios

Carbon footprint was computed for three training
scenarios: small (7B, 1T tokens, 8x A100, French
grid), medium (70B, 1T tokens, 64x A100, mixed
European grid), and large (400B, 2T tokens, 512x
A100). Renewable energy baseline: grid average
without PPAs. Market-based method (with 100%
renewable PPA) reported alongside location-based
for comparison.

Table 2. Energy and carbon baseline by
hardware (7B model, 1T token training)

Hardwa Train Total Carbon Carbon Relativ

re ing Ener tCO2e tCO2e e FLOP

Time gy ( (grid (100% /Watt
(hrs) MWh avg.) renew.)
)

8x A100 284 142 12.4 0.8 1.0x (ba
(French seline)
grid)
8x H100 | 102 52.4 | 4.42 0.28 2.8x
(French
grid)
TPU vbe | 84 42.4 8.84 0.42 3.4x
256 (US
grid)
Gaudi-2 184 92.4 8.42 0.52 1.8x
8x (EU
grid)
8x A100 284 142 1.84 0.8 1.0x
(Nordic
grid)

French grid carbon intensity: ~87 gCO2/kWh (2024).
Nordic grid: ~13 gCO2/kWh (hydro/wind). 100%
renewable = market-based with certified renewable PPA.
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H100 is 2.8x more energy-efficient than A100 due to
Hopper architecture. Nordic grid A100 produces less
carbon than French grid H100 (1.84 vs. 4.42 tCOZ2e) --
grid carbon intensity dominates the equation.

4. Results

4.1 Hardware Efficiency

H100 achieves 2.8x energy efficiency over A100
(142 MWh vs. 52.4 MWh for equivalent 7B
training), reducing carbon from 12.4 tCO2e to 4.42
tCO2e on the French grid. However, training on
A100 in the Nordic grid produces only 1.84 tCO2e
-- lower than H100 in France (4.42 tCO2e). This
confirms that grid carbon intensity dominates the
carbon equation: geographic scheduling can
outperform hardware efficiency improvement for
carbon reduction when combined with renewable
energy procurement.

4.2 Model Compression Trade-offs

INT8 quantisation achieves 2.1x inference
efficiency at 0.8pp mean accuracy cost (MMLU:
-0.4pp, HumanEval: -0.8pp, MATH: -1.2pp,
HellaSwag: -0.8pp) -- the best efficiency-capability
ratio. INT4 achieves 3.8x at 2.4pp cost (MATH
most affected: -4.2pp). Knowledge distillation (7B
to 3B) achieves 2.8x efficiency at 3.4pp cost. For
tasks where less than 2pp degradation is
acceptable, INTS is clearly preferred: simpler than
distillation, less capability cost than INT4, and
deployable post-training.

4.3 Carbon-Aware Scheduling and CATF
CATF's geographic and temporal scheduling
achieves 42.4% carbon reduction vs. fixed-location
unscheduled baseline on A100 (geographic: 28.4%,
temporal: 14.2% additional). Zero capability cost
from  scheduling alone. Combined CATF
(scheduling + INT8 + MoE): 42.4% carbon
reduction at 1.8pp capability cost. Renewable PPA
alone achieves 84.2% carbon reduction at zero
capability cost -- the single highest-impact action.
Full sustainable scenario (H100 + Nordic grid +
100% PPA + INTS8): 96.8% carbon reduction at
0.8pp cost.

4.4 Integrated Sustainability Analysis

Combining  hardware  upgrade, renewable
procurement, and carbon-aware scheduling
achieves 96.8% carbon footprint reduction for Al
training -- from 12.4 tCOZ2e (A100, French grid, no
renewables) to 0.4 tCO2e (H100, Nordic grid,
100% renewable). For a large AI organisation
training multiple frontier models annually, this
represents thousands of tonnes of CO2e reduction.

The investment required: H100 hardware capital
(amortised), renewable PPA contract (typically
neutral or positive NPV at current renewable
prices), and CATF scheduling infrastructure. The
climate and CSRD regulatory case for this
investment is compelling.

Table 3. Efficiency-capability trade-offs by
strategy (7B model)

Strateg Effici MM Hum MA Hella CPI
y ency LU anEv TH Swag (%)
Gain (pp) al (pp) (pPP)
=) (pp)
Baselin | 1.0x 0.0 0.0 0.0 0.0 100.
e 0

INT8 qu  2.1x -0.4 -0.8 -1.2 -0.8 98.8
antisati
on

INT4 qu 3.8x -1.2 | -1.8 4.2 | -24 97.4
antisati
on

Structu 1.8x -14 |-24 -24 -0.8 98.1
red
pruning

Distillat | 2.8x 2.4  -4.2 -4.8 -24 96.6
ion (3B)

Carbon- 1.0x 0.0 |0.0 0.0 0.0 100.

aware 0
sched.

Renewa | 1.0x 0.0 0.0 0.0 0.0 100.
ble 0
energy

CATF (¢ | 2.4x -0.8 -1.4 24 -14 98.2
ombine

d)
CPI = Capability Preservation Index (100% = no
degradation). pp = percentage point change from

baseline. Carbon-aware scheduling and renewable
energy have 1.0x efficiency gain as they do not change
computation. CATF combines INT8 + MoE +
carbon-aware scheduling; capability cost arises from
INT8 component.

Table 4. Carbon footprint reduction scenarios
(7B model, 1T token training; baseline = 12.4
tCO2e)

Scenari  Strategy Carb Redu Capa Inves

o on (t ction bility tmen

CO2e (%) Cost t
) (pp)

A100 No 12.4 0% 0.0 None
baseline optimisation
Hardwa H100 442 644 0.0 High
re only  upgrade % (capit

al)
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Scenari  Strategy Carb Redu Capa Inves
o on (t ction bility tmen
CO2e (%) Cost t
) (pp)
Schedul Carbon-awa 7.14 |42.4 0.0 Medi
ing only re % um
scheduling
Renewa | 100% 1.98 /84.0 0.0 Low (
bles renewable % contr
only PPA act)
Compre  INT8 5.90 52.4 0.8 Low
ssion quantisation %
only
CATF Scheduling | 7.14 424 1.8 High
+ INT8 + %
MoE
H100 + Hardware + 0.68 94.5 0.0 High
renewa @ 100% PPA %
bles
Full sus H100 + PPA 0.40 96.8 0.8 Very
tainable + % high
scheduling
+ INT8

Carbon calculated using location-based Scope 2
emissions. Renewable PPA alone achieves 84% carbon
reduction at zero capability cost -- the highest-impact
single action. Full sustainable scenario achieves 96.8%
reduction at 0.8pp cost (from INT8). CATF achieves
comparable carbon reduction to H100 hardware upgrade
at lower capital cost.

Efficiency Gain (x relative to A100 baseline)

W8 oF woo o ot

sc“e¢uV\n9 “a“ab\ei ?N“\r\g
e

Figure 1. Energy efficiency gain by strategy (x
relative to A100). INT4 highest (3.8x); TPU v5e 3.4x;
H100 2.8x; CATF 2.4x.
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Figure 2. Carbon reduction (%) vs. capability cost (pp
x10). Renewable PPA dominates: 84% carbon, Opp
cost. CATF: 42.4%, 1.8pp.
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Figure 3. Carbon footprint (tCOZ2e) by scenario.
Baseline 12.4; H100+PPA+CATF+INTS8: 0.40 --
96.8% reduction.
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Figure 4. Strategy profile across five sustainability
dimensions (0-10). CATF vs. renewable PPA vs. H100.

5. Discussion

5.1 Renewable Energy Procurement Is the
Highest-Impact Action

The finding that 100% renewable PPA achieves
84% carbon reduction at zero capability cost
makes it the highest-priority sustainable Al action
for most organisations. The carbon benefit of
hardware upgrade (H100: 64.4%) and INTS8
compression (52.4%) are both smaller and require
significantly more capital or engineering
investment. For an Al organisation that has not
secured renewable energy procurement, this
should be the first sustainability action, ahead of
hardware investment and algorithmic efficiency
programmes.

5.2 Geographic Scheduling Is Underexploited
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CATF's 28.4% carbon reduction from geographic
scheduling alone -- routing training jobs to Nordic
data centres when available -- with zero capability
cost demonstrates a substantial sustainability
lever that most AI organisations do not
systematically exploit. Current practice is typically
to train in whichever data centre has available
capacity, without carbon intensity as a scheduling
input. The Nordic vs. French grid differential (13
vs. 87 gCO2/kWh) makes this especially relevant
for European Al organisations.

5.3 INT8 Should Be the Inference Default
INT8 quantisation's 2.1x efficiency gain at 0.8pp
capability cost -- deployable post-training with
established tooling (GPTQ, LLM.int8(), TensorRT)
-- makes it the most straightforward efficiency
action for Al inference. An organisation that
switches 1078 daily inference requests to INT8
reduces GPU count by approximately 2x for
equivalent throughput. For most applications,
0.8pp accuracy cost is acceptable. Safety-critical
applications should be explicitly evaluated
separately before applying quantisation.

5.4 Limitations

Energy measurements were conducted on specific
hardware in a specific data centre; results may
differ elsewhere. Carbon intensity data reflects
2024-2025 European grid mix. Capability
evaluation used four benchmarks on a 7B model;
larger models may show different trade-offs.
Embodied carbon (hardware manufacturing) was
not included in the analysis. The carbon footprint
of data centre construction and cooling systems
was also excluded from the per-training-run
accounting.

6. Conclusion

6.1 Summary

Eight sustainable Al computing strategies were
evaluated. H100 achieves 2.8x energy efficiency.
INT8 quantisation: 2.1x at 0.8pp cost. Renewable
PPA: 84% carbon reduction at zero capability cost.
CATF: 42.4% carbon reduction at 1.8pp cost. Full
sustainable scenario: 96.8% carbon reduction at
0.8pp cost. Nordic grid scheduling provides 28.4%
carbon reduction at no additional hardware cost.

6.2 Recommendations

Immediate: secure 100% renewable PPA for all Al
compute. Short-term: implement INT8 for all
non-safety-critical inference. Medium-term:
integrate carbon-aware scheduling via Electricity
Maps API. Capital cycle: migrate to H100. For

CSRD compliance: implement GHG Protocol Scope
2 location-based and market-based AI compute
emission reporting from 2025 and establish
science-based efficiency targets.
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Appendix A

Sustainable AI Computing Governance
Framework (CSRD Aligned)

This framework guides Al organisations in measuring,
reducing, and reporting AI computing carbon
footprint under CSRD obligations.
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