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Abstract
Artificial Intelligence (AI) has become a general-purpose technology, but its environmental externalities—especially electricity use and associated greenhouse gas emissions—are rising with rapid scaling of model size, training runs, and deployment. This paper synthesizes evidence on where AI’s carbon footprint originates (training, inference, and infrastructure), highlights why emissions vary dramatically across regions and data centers, and proposes a practical “Green AI” roadmap: measuring emissions, reducing compute demand, improving hardware and systems efficiency, and shifting workloads toward cleaner grids. Using recent global energy projections for data centers, we show that electricity demand from data centers is expected to grow rapidly through 2030, making efficiency and carbon-aware operations critical. We also summarize research showing that combined choices of model architecture, hardware, and data center can
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1. Introduction
AI progress is often driven by scaling—more parameters, more data, and more computation. While this has produced breakthroughs in language, vision, and scientific discovery, it has also increased the energy required to train and operate models. The environmental impact depends not only on the model, but also on where and how it is trained: the carbon intensity of the electricity grid, data center efficiency, cooling, and hardware utilization.
Recent energy system analysis suggests data centers already account for a meaningful share of global electricity consumption (around 415 TWh in 2024, ~1.5% of global electricity), and are projected to grow sharply by 2030 under baseline scenarios. (IEA) This creates a clear motivation for Green AI: achieving comparable model quality with less energy and lower emissions, and reporting those impacts transparently.
reduce training-related emissions by orders Green AI is not anti-innovation. It is a shift of magnitude. Finally, we provide in evaluation culture: progress should be reporting templates and implementation measured not only by accuracy or guidance for academic and student benchmark scores, but also by efficiency, research settings to make sustainability a reproducibility, and emissions. first-class evaluation metric.
2. Background: What contributes to
AI’s carbon footprint?
AI-related emissions typically come from There are also emissions from three layers: manufacturing hardware, building data
centers, and supply chains. This paper
2.1 Training emissions focuses mainly on operational emissions
Training can require large GPU/TPU clusters running for days or weeks. Emissions are driven by:
● Total compute (GPU-hours / FLOPs) ● Power draw and utilization (watts × time) ● Data center overhead (cooling, power delivery) ● Grid carbon intensity (kgCO₂e per kWh)
A key insight is that the same training job can yield very different emissions depending on location and infrastructure. Research analyzing large-model training emphasizes that location and data center choices can change carbon intensity by ~5×–10×, and combined choices (model + hardware + data center) can reduce emissions by ~100×–1000× in some cases. (arXiv)
2.2 Inference emissions (deployment)
Even if training is expensive, inference can dominate lifecycle emissions when a model is used at massive scale (millions to billions of queries). Reducing inference cost requires:
● Smaller or distilled models ● Efficient serving (batching, caching, quantization)
(electricity use), since they are measurable and actionable in typical student/academic settings.
3. Why the urgency is increasing: Data
center electricity growth
An important trend is the rapid growth of electricity demand associated with data centers, which are tightly linked with AI expansion. International energy analysis reports that data centers consumed about
415 TWh in 2024 and electricity use is
projected to approximately double by
2030 in baseline scenarios (reaching
around 945 TWh by 2030). (IEA) It also notes that data center electricity consumption has grown around ~12% per year since 2017, and projections can be around ~15% per year from 2024 to 2030 in the base case. (IEA)
estimate-and-projection curve using the reported 2024 value and the growth rates above.
● Right-sizing deployment (avoid FIGURE 1: Global data centre electricity over-provisioning) consumption: estimate & projection
2.3 Embodied and infrastructure
emissions
Interpretation: Even if only a fraction of data center growth is attributable to AI, the overall system pressure increases the
importance of efficient model design and This section organizes actionable strategies carbon-aware computing. into four layers: Model, System,
4. Related work: Measuring and
reporting ML emissions
A major barrier to Green AI is inconsistent measurement. Several works argue that ML papers and projects should report energy and carbon, similar to how they report datasets, hyperparameters, and compute budgets.
Hardware, and Energy.
5.1 Model-level strategies (reduce
compute demand)
1. Efficient architectures
1. Choose architectures that
reach target performance with fewer FLOPs.
1. Use mixture-of-experts /
sparsely activated networks
● Strubell et al. raised broad where appropriate (only awareness in NLP by quantifying part of the model runs per the energy and carbon costs of token or example). training large deep learning Patterson et al. highlight models, and emphasized that such that sparse activation can costs can disadvantage smaller labs reduce energy compared to and create inequities in research dense models without access. (ACL Anthology) necessarily reducing ● Henderson et al. proposed quality. (arXiv) systematic reporting for energy and 2. Distillation and compression carbon footprints and introduced ○ Distill large teacher models tools/frameworks for tracking and into smaller students for standardized documentation. deployment. (Journal of Machine Learning ○ Apply pruning and Research) structured sparsity ● Patterson et al. analyzed (removing redundant large-model training and neurons/heads). highlighted that improvements 3. Quantization
across model choice, data center ○ Use lower precision efficiency, hardware, and (FP16/BF16/INT8/INT4) to geographic scheduling can reduce reduce compute and emissions by large multiplicative memory bandwidth. factors. (arXiv) ○ Especially effective for Key takeaway: Green AI is achievable when emissions are measured consistently and treated as a design constraint.
inference where accuracy drop can be controlled.
4. Stop training earlier (and
smarter)
1. Use early stopping, learning
5. Green AI methods: How to reduce rate schedules, and robust
emissions in practice validation.
1. Avoid “overtraining” efficient than typical setups.
beyond diminishing returns. (arXiv)
5.2 System-level strategies (use 5.4 Energy strategies (reduce carbon
resources efficiently) intensity)
1. Higher utilization 1. Clean electricity procurement
1. Poor GPU utilization ○ Pair AI workloads with
wastes energy. Use renewable-heavy grids or profiling, optimized clean energy contracts. dataloaders, mixed 2. Transparency
precision, and correct batch ○ Report region/grid mix sizing. assumptions so emissions
2. Carbon-aware scheduling claims are comparable and
1. Train when the grid is auditable.
cleaner (time-shifting) or
where it is cleaner 6. Visualizing impact: Patterson et al. report large
(geo-shifting), if feasible. “Order-of-magnitude” levers
differences in carbon-free Green AI is powerful because multiple energy availability by improvements multiply. For example: location. (arXiv)
3. Experiment discipline
1. Reduce repeated
trial-and-error runs.
1. Use smaller proxy
experiments, then scale up once the approach is validated.
5.3 Hardware & data-center strategies
1. Efficient accelerators
1. Specialized ML hardware
can improve performance-per-watt over general systems, reducing energy for the same training objective. (arXiv)
2. Efficient data centers
1. Data center design (cooling,
● If model changes reduce compute, and ● hardware improves performance-per-watt, and ● training is moved to a cleaner grid, the total footprint can drop dramatically.
Patterson et al. emphasize that combined choices can yield ~100×–1000× reductions in some training scenarios. (arXiv)
6.1 Model-Level Efficiency
Model-level efficiency is a primary lever for reducing the carbon footprint of AI systems, as it directly determines the amount of computation required for training and inference.
power delivery) affects Figure 2 summarizes these levers as overhead energy. Cloud ranges on a log scale (based on the factor data centers can be more ranges reported/discussed in the study).
reduce ML training emissions
Henderson et al. argue that systematic reporting improves transparency and helps the community compare methods fairly. (Journal of Machine Learning Research)
8. Discussion: Trade-offs, fairness, and
research quality
Green AI also improves research quality:
● Reproducibility: fewer giant “secret” runs; clearer reporting. ● Equity: smaller labs can compete if efficiency is valued, as discussed in the NLP energy policy literature.
7. A practical reporting template for (ACL Anthology)
student research (Google-Doc friendly) ● Real-world alignment: To align your paper/project with Green AI principles, include a short “Sustainability
deployment constraints (latency, cost, energy) matter in production.
Appendix”: However, trade-offs exist:
Sustainability Appendix (example ● Aggressive compression can format): reduce accuracy or robustness. ● Task: (e.g., “Transformer-based text classifier for …”) ● Training compute: (GPU model, number of GPUs, total hours)
● Carbon-aware scheduling can increase wall-clock time. ● Emissions estimates can vary if measurement is not standardized.
● Average power draw: (if The solution is not perfection; it is measured) or estimated from GPU transparent assumptions, consistent TDP × utilization methods, and continuous improvement. ● Data center / cloud region: (if known) ● Electricity carbon factor:
9. Conclusion
(kgCO₂e/kWh, source or AI’s energy and carbon footprint is shaped assumption) by design choices across the entire stack: ● Total energy (kWh): power × time model architecture, training strategy, ● Total emissions (kgCO₂e): energy hardware efficiency, data center overhead, × carbon factor and electricity carbon intensity. Evidence ● Efficiency steps taken: (mixed suggests data center electricity demand is precision, early stopping, caching, rising quickly through 2030, reinforcing quantization, etc.) the need for efficiency and carbon-aware
computing. (IEA) At the same time, research indicates that careful
choices—especially combining efficient fairness, and sustainability as core architectures, efficient data centers, better AI evaluation metrics. hardware, and cleaner grids—can reduce 6. Lacoste, A., Luccioni, A., Schmidt, training emissions by large multiplicative V., & Dandres, T. (2019). factors. (arXiv) Quantifying the carbon emissions Green AI should become standard practice: report energy and emissions, optimize for efficiency, and treat carbon footprint as a first-class metric alongside accuracy.
of machine learning. arXiv preprint arXiv:1910.09700. — Provides methodologies for estimating carbon emissions from machine learning experiments.
7. Anthony, L. F. W., Kanding, B., &
Selvan, R. (2020). Carbontracker:
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