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Abstract 

The rapid proliferation of frontier AI models, 

particularly Large Language Models (LLMs) and 

Multimodal Foundation Models, has catalysed 

unprecedented advancements in artificial 

intelligence. However, this progress is heavily 

reliant on resource-intensive scaling laws, leading 

to unsustainable energy consumption and carbon 

emissions. Generative AI systems currently 

consume tens of terawatt-hours (TWh) annually, 

rivalling the energy demands of small nations. This 

review paper synthesizes the state-of-the-art 

methodologies driving the transition from "Red AI" 

(accuracy-prioritized) to "Green AI" 

(efficiency-prioritized). We critically examine the 

carbon footprint of frontier models (e.g., Llama-3, 

Qwen2.5, Deep Seek-R1) and evaluate algorithmic 

interventions across the model lifecycle, focusing 

on sparse architectures, quantization, pruning, 

knowledge distillation, and hardware-software 

co-design. Finally, we highlight open challenges in 

standardized emissions tracking and the integration 

of neuromorphic computing. 
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I. INTRODUCTION 

For the past decade, AI research has been 

dominated by empirical scaling laws, which posit 

that model performance improves predictably as a 

power-law function of parameter count, dataset 

size, and compute budget [1]. This paradigm has 

driven the development of massive models 

exceeding hundreds of billions of parameters. 

While these models exhibit emergent reasoning 

capabilities, their computational overhead has 

triggered a severe environmental crisis [2]. 

The concept of Green AI advocates for 

energy-efficient model architectures, 

environmentally conscious training paradigms, and 

optimized inference pipelines. Unlike traditional 

optimization, which strictly  

targets latency or throughput, Green AI explicitly 

targets the reduction of floating-point operations 

(FLOPs), memory bandwidth bottlenecks, and 

overall carbon equivalent emissions (CO₂eq) [1, 

3]. This paper provides a comprehensive taxonomy 

of energy-efficiency techniques actively deployed 

in 2025–2026 to mitigate the environmental impact 

of frontier models. 

II. THE CARBON FOOTPRINT OF FRONTIER MODELS 

The environmental impact of deep learning is 

bifurcated into embodied carbon (emissions from 

manufacturing hardware) and operational carbon 

(emissions from electricity consumed during 

training and inference) [4, 14]. Operational carbon 

Cop is generally modeled as: 

Cop = E × I × PUE 

Where E is the energy consumed (in kWh), I is the 

carbon intensity of the local power grid 

(kgCO₂eq/kWh), and PUE is the Power Usage 

Effectiveness of the data centre [13]. 

Recent empirical studies highlight that while 

inference accounts for the majority of a model's 

lifetime energy consumption due to continuous 

deployment, the training phase remains a massive, 

concentrated emissions event [4]. Furthermore, 

newer reasoning models such as DeepSeek-R1 

generate significantly more internal tokens before 
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producing an answer, drastically increasing 

inference energy per query compared to standard 

text generation [17]. 

III.   

.” 

Figure 1: A comparative analysis of frontier 

models depicting parameter size (in billions) 

against their estimated operational carbon 

equivalent emissions (CO2eq in tons) during the 

training phase. While legacy models like GPT-3 

exhibit lower emissions relative to their parameter 

count due to smaller training token budgets, 

modern dense models (Llama-3, Qwen-2.5) 

demonstrate a non-linear surge in carbon footprint 

driven by extreme data scaling. 

 

Table 1: Environmental Cost Comparison of 

Selected Frontier Models 

Model Parameters Training 

Energy 

(MWh) 

Estimated 

CO₂eq 

(Tons) 

GPT-3 

(Baseline) 

175B 1,287 552 

Gemma-2B-it 2B < 50 < 20 

Llama-3 

(Meta) [16] 

70B ~6,000 ~2,500 

Qwen-2.5 

[16] 

72B ~6,500 ~2,700 

 

Key Insight: Global generative AI workloads are 

now estimated to consume approximately 29.3 

TWh annually roughly equivalent to the total 

electricity consumption of Ireland [14]. 

III. ENERGY-EFFICIENT TRAINING PARADIGMS 

Training frontier models requires massive GPU 

clusters operating for months. Green AI 

interventions at this stage focus on reducing 

redundant computations and accelerating 

convergence [2, 4]. 

A. 3.1 Sparse Attention and Alternative 

Architectures 

Standard Transformer self-attention scales 

quadratically with sequence length, exhibiting a 

time and memory complexity of O(N
2
), where N is 

the context length [6]. To mitigate this, 

state-of-the-art models are shifting toward: 

• Sparse Transformers: Utilizing localized or 

strided attention masks to reduce 

complexity to O (N log N). 

• State Space Models (SSMs): Architectures 

like Mamba [5] and RWKV [7] bypass the 

attention mechanism entirely, offering 

linear time complexity O(N) and a bounded 

memory footprint during training, leading 

to massive energy reductions for 

long-context tasks. 

Flash Attention [6] further reduces memory 

overhead through IO-aware computation, 

providing a hardware-level complement to 

architectural sparsity. 

B. 3.2 Parameter-Efficient Fine-Tuning (PEFT) 

Training models from scratch is environmentally 

prohibitive for most institutions. PEFT techniques 

ensure that only a minuscule fraction of parameters 

are updated for downstream tasks. Low-Rank 

Adaptation (LoRA) [8] decomposes weight 

updates into low-rank matrices, reducing the 

trainable parameter count by over 98% and 

decreasing GPU memory and energy consumption 
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by up to 65% during fine-tuning. QLoRA [9] 

further extends this by enabling efficient 

fine-tuning of already-quantized models, 

compounding savings in both memory and 

compute. 

IV. INFERENCE OPTIMIZATION TECHNIQUES 

Because models are deployed globally and queried 

billions of times daily, inference optimization is the 

most critical frontier for carbon mitigation [14]. 

C. 4.1 Post-Training Quantization (PTQ) 

Quantization reduces the precision of a model's 

weights and activations from 16-bit floating-point 

(FP16) to lower-bit integer formats (e.g., INT8, 

INT4) [10, 11]. 

Mechanism: By compressing the mathematical 

representation of weights, quantization reduces 

memory access costs   the primary energy sink in 

modern GPUs   and allows the use of highly 

efficient integer arithmetic logic units (ALUs). 

Impact: Recent studies demonstrate that applying 

INT4 quantization to a 70B parameter model 

reduces inference energy consumption and latency 

by up to 55%, with negligible degradation in 

benchmark accuracy (typically <1% drop in F1 

scores) [10]. 

Activation-aware quantization methods such as 

AWQ [11] further improve robustness by 

identifying and protecting salient weight channels 

during compression. 

D. 4.2 Network Pruning 

Pruning identifies and removes redundant or 

"unimportant" weights within a neural network 

[12]. 

• Unstructured Pruning: Zeros out individual 

weights, requiring specialized sparse 

matrix multipliers to realize energy 

savings. 

• Structured Pruning: Removes entire 

channels, attention heads, or layers, 

allowing the compressed model to run 

efficiently on standard hardware 

accelerators. Sheared LLaMA [12] 

demonstrates that structured pruning of a 

large pre-trained model can yield smaller, 

high-performing variants without full 

retraining, significantly reducing the carbon 

cost of producing new model sizes. 

E. 4.3 Knowledge Distillation 

This technique involves a large, resource-intensive 

"Teacher" model transferring its generalized 

representations to a much smaller, energy-efficient 

"Student" model [3]. The student learns to mimic 

the teacher's output distribution, achieving 

near-parity in performance while requiring a 

fraction of the inference energy. This approach has 

been central to the development of efficient 

open-source models such as the Gemma family. 

V  HARDWARE-SOFTWARE CO-DESIGN AND 

INFRASTRUCTURE 

Green AI is not solely an algorithmic pursuit; the 

underlying silicon and energy grids play a 

deterministic role in total emissions [13, 14]. 

F. 5.1 Carbon-Aware Scheduling 

Cloud providers are increasingly implementing 

spatial and temporal workload shifting. By pausing 

training runs or shifting them to data centres 

located in regions currently powered by high yields 

of renewable energy (e.g., solar peaks or high wind 

periods), operational carbon can be reduced by up 

to 30% without any change to the model 

architecture [13]. 

G. 5.2 Neuromorphic and Edge Computing 

To bypass the von Neumann bottleneck   the energy 

cost of constantly moving data between memory 

and processors   the industry is exploring 

neuromorphic chips such as Intel Loihi [15]. These 

brain-inspired architectures utilize Spiking Neural 

Networks (SNNs), which only consume power 

when a "spike" (activation) occurs, offering up to a 
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100× reduction in energy consumption for specific 

sensor and edge-AI workloads. 

VI. OPEN CHALLENGES AND FUTURE DIRECTIONS 

Despite significant advancements, several systemic 

challenges impede the universal adoption of Green 

AI: 

The Jevons Paradox in AI 

As inference becomes more energy-efficient and 

cheaper, the demand and utilization of LLMs 

increase exponentially. This rebound effect often 

results in higher total energy consumption globally, 

canceling out efficiency gains [1, 14]. 

Lack of Standardized Telemetry 

Current carbon reporting relies heavily on 

retrospective estimation tools (e.g., CodeCarbon, 

MLCO2) [13]. The field urgently requires 

standardized, hardware-level, real-time energy 

telemetry that is mandated as part of model release 

cards and reproducibility checklists. 

The Cost of "Thinking" 

Next-generation models utilizing reinforcement 

learning for advanced reasoning   such as 

DeepSeek-R1 [17]   generate extended hidden 

chain-of-thought token sequences. While this 

improves accuracy for complex mathematical and 

coding tasks, it dramatically spikes the energy cost 

per query, creating a fundamental trade-off 

between reasoning depth and carbon efficiency. 

VII. CONCLUSION 

The trajectory of frontier AI models is 

environmentally unsustainable under the current 

compute-intensive paradigm. While interventions 

like INT4 quantization [10, 11], LoRA [8], and 

carbon-aware scheduling [13] offer immediate 

relief, achieving true sustainability requires a 

paradigm shift. The AI community must move 

beyond evaluating models solely on capability 

benchmarks (e.g., MMLU, HumanEval) and 

universally adopt accuracy-energy Pareto 

optimality as the primary metric for state-of-the-art 

status. Building smarter AI must unequivocally 

mean building sustainable AI  
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