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The rapid, global adoption of AI and, especially, today’s large language models (LLMs) is evidenced 
by the explosive growth in usage and funding it has created. However, AI adoption is also posing 
environmental and economic challenges due to soaring energy consumption for training and 
inference. This paper addresses the need for energy efficiency within the telecommunications  
and networking sectors, where AI is foundational to 6G and network autonomy. We introduce  
the Energy-efficient AI for Networks Guide (EA4NG), a pragmatic, three-step framework that 
ensures AI for networks minimizes its energy footprint and maximizes its energy handprint.  
Using systematic optimization techniques like pruning, quantization and specialized hardware as 
well as mandatory consumption monitoring, telecommunication providers and AI and data center 
operators can achieve sustainable AI for networks. The paper advocates for a multi-pronged 
strategy encompassing brain-inspired AI paradigms and hardware-software co-creation to  
achieve ambitious energy reduction goals, securing the future profitability and sustainability  
of AI deployments.
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Introduction
The AI revolution is well underway. The recent advent of large language models (LLMs) and their use in 
chatbots, coding and professional functions have seen user adoption skyrocket, with ChatGPT reaching 
800 million weekly users by the end of 2025 [1]. The appetite for using AI in a personal and professional 
context and the hope of ever-increasing AI capabilities has led to a subsequent explosive growth in  
venture funding and re-orienting of research initiatives across industries towards AI. To meet demand for 
the computing power needed to run AI models, data center capacity is rapidly expanding around the globe.

The power of AI demonstrated by these models comes with a severe cost to natural resources: use of rare 
earth metals in processors, use of fresh water for cooling the data centers, and, most of all, energy use—
first for training the AI models and second for serving them to the end users. Energy use translates directly 
into operating expenses through electricity costs. This means that AI models’ energy use directly impacts 
the capability, feasibility and profitability of AI deployments.

As an example, GPT–3.5, the model underlying the original ChatGPT, consumed ~1 GWh of energy during 
training, equivalent to the energy usage of an average American household over 120 years [2]. In addition, 
the amount of energy required for serving AI models is considerable: with 2.5 billion queries every day and 
an energy cost of at least 0.3 Wh per query, ChatGPT is estimated to consume about 275 GWh of electric 
energy per year [3, 4]. These numbers will only rise with the increase in capability and number of future AI 
models. The reaction to this projected growth in demand is an expansion of planned data center capacity 
worldwide; today, there are over 11,000 data centers [5]. The global energy consumption of  
data centers is predicted to grow from 500 TWh in 2025 to 1300+ TWh by 2035.

Figure 1. A summary of expected data center growth over the next decade, globally  
and in different regions along with the estimated energy mix used to power them [6]
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In telecommunications, networking, and adjacent fields (industrial automation, virtual and augmented 
reality), there is a desire to harness the power of AI for automation and improve performance and value 
creation through new functionality. As shown in figure 2, AI is under consideration for use in many parts  
of the communications chain.

Figure 2. AI-native end-to-end autonomous network system

Wireless

Wireline

Optical

Core

Far edge Metro edge Metro core

Packet
core

Internet

OA&M
AI-native RAN
• AI-native air interface
• Scheduling and 

resource allocation
• Load balancing/

traffic steering
• Dynamic spectrum 

access
• Beam based coverage 

optimization

AI-native fixed access
• AI-native access
• Scheduling and 

resource allocation
• Load balancing 

AI-native UE
• Positioning
• Application

awareness
• Dynamic user

clustering

AI-native data center
• Predictive maintenance
• Energy efficiency
• Load balancing

AI-native transport
• Anomaly detection
• Event prediction

AI-native orchestration and management
• AI-driven intent-based networking
• Self-coordination between SON functions
• AI/ML management-as-a-service

AI-native core network
• Network performance analytics
• ML model provisioning for NWDAF

Data center

Cloud

End-to-end AI lifecycle management

The major standardization body in mobile communications, 3GPP, reflects this by making both AI-
nativeness and sustainability foundational to 6G [7]. We anticipate that wired networks will drive similar 
adaptation to achieve TM Forum’s Level 5 autonomy [8]. The telecommunications and networking industry 
is keenly aware of energy costs, as well as latency, memory and power budget constraints in computing 
hardware. We must carefully examine these constraints and determine a balance between performance 
gains and energy costs before introducing AI models.

Energy is emerging as a major constraint for AI operations due to cost, energy supply and sustainability 
concerns. Further AI adoption and growth, particularly in the telecommunications sector, is only possible 
with a reduction in energy consumption.

Despite rapid advancements and increased accessibility of graphics processing units (GPUs), the need  
for energy-efficient AI in networks remains critical. Although GPU energy efficiency continues to improve,  
it is approaching its limits [9]. Moreover, Jevons paradox suggests that these gains will likely lead to  
higher energy consumption as AI scaling laws exploit the energy that is saved for further enhancements  
in accuracy and capabilities. Energy-efficient AI is key to driving superior performance and profitability.  
This paper highlights the feasibility and practicality of achieving optimal energy-efficient AI in networks 
through the strategies detailed in our proposed Energy–efficient AI for Networks Guide (EA4NG).
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Goals
For the energy efficiency of AI for networks, our sustainability goals aim to substantially increase our 
positive impact (handprint) and reduce our energy consumption (footprint), while maintaining the same 
performance and accuracy of AI models during training and inferencing.

We want to build frugal AIs, therefore propose a pragmatic, systematic way for AI adoption to achieve best–
in–class sustainable network solutions that will:

1.	Ensure that AI is the right solution—we will present a guide for selecting the best path forward

2.	Keep AI energy consumption to a minimum—for AI solutions, we will outline the engineering steps to 
reduce energy consumption, which will be illustrated by our own design choices in several use cases

3.	Explore future technologies for AI energy efficiency—we will give an overview of the technologies and 
algorithms we believe will lead to significant reductions in AI energy use.

This paper will explain how to achieve these goals through our proposed Energy–efficient AI for Networks 
Guide (EA4NG).

Tenets
To achieve our goals, there are five tenets that will lead to the north star for AI energy efficiency in 
networks:

1.	Smaller models—reducing the model size to the smallest needed for a particular task reduces energy 
requirements, and, for networks, this may also help reduce latency, which is important for some tasks

2.	Learning efficiency—continual learning, fine–tuning, zero–shot, one–shot, or few–shot learning, transfer 
learning and knowledge distillation are methods to reuse or expand the knowledge of an AI model in 
ways that do not require full training or retraining

3.	Sparse, event–driven computation—mimic brain activity where only a small fraction of neurons is active 
at any given time, leading to power consumption proportional to activity rather than total network size

4.	Local computation—employ learning mechanisms that rely on local information, reducing the need for 
global communication and centralized control, which are energy intensive

5.	Efficient compute and memory access—integrate memory and processing (in–memory computing) to 
reduce data movement, which is a major energy bottleneck in traditional computing architectures; also, 
leverage neuromorphic hardware designed for such operations.

State of the business
There are multi–dimensional approaches for reducing the energy footprint of AI in networks. While some 
approaches are used today, others are still being researched.

These approaches include both model selection and implementation. There are also various learning 
methods to choose from today. The energy requirements vary significantly among the model options 
listed below:

•	 Classical AI—decision trees, support vector machines (SVMs) and expert systems, etc
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•	 Deep learning—deep neural networks (DNNs), convolutional neural networks (CNNs), recurrent neural 
networks (RNNs) and transformers, etc

•	 Brain–inspired AI—spiking neurons, liquid neural networks (LNNs) and baby dragon hatchling, etc.

For implementation, the techniques for reducing energy needs include:

•	 Model compression—smaller models use less energy for inferencing; techniques include pruning, 
for instance, with sparse neural networks (SNNs), quantization, knowledge distillation and low–rank 
factorization

•	 Energy–efficient hardware architectures are designed to run AI models for inferencing—technologies 
include in–memory compute and neuromorphic or analog compute (electrical, optical) chips

•	 Software architectural approaches are utilized both for training and inferencing-approaches include  
task specific model, modular design and mixture-of-experts (MoE).

•	 Training methods—these include various fine–tuning techniques and transfer learning.

Model compression
Minimizing the size of the model will result in reduced energy consumption. The following methods  
can be used to shrink the model [10]:

•	 Pruning is a technique that reduces the number of elements in AI models, which results in reducing 
redundancy and increasing sparsity

•	 Knowledge distillation is a technique that transfers knowledge from a large and complex teacher  
model to a small and simpler student model while maintaining the original level of performance

•	 Quantization is a technique that reduces the number of bits required to represent weights and 
activations; neural networks typically use 32–bit floating–point numbers for weights and activations, 
which can be quantized to 16–bit, 8–bit, 4–bit, and even 1–bit

•	 Low–rank factorization uses matrix and tensor decomposition to identify redundant parameters in 
an AI model, which results in decomposing large matrices into sets of smaller matrices—for dense 
layer matrices, storage and memory requirements are improved; for convolutional neural networks, 
factorization improves inference speeds.

Tools also exist to compress and accelerate AI models such as Neural Magic [11].

Hardware architectures
Various hardware approaches are being pursued to improve the performance of AI models. These are 
evolving technologies that are in various stages of research. They include (in the order of tech readiness 
with demonstrated gains):

1.	Low–bit digital compute—already available in current products, e.g., as integer or low–precision floating–
point compute and memory

2.	In–memory computing—a specific hardware architectural approach that has the potential to reduce 
energy use because it eliminates the need to transfer data between the memory module and processor; 
several vendors are researching this area, including Nokia, IBM and Samsung [12, 13]

3.	Analog electric chips—many companies are researching analog neural network chips; for example, IBM 
finds their analog approach to be 14x more energy efficient than the state–of–the–art approaches [14]

4.	Neuromorphic chips—purposefully designed chips that run AI models, which are reaching the 
productization phase with companies such as IBM, Qualcomm and Samsung [15]
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5.	Analog photonic chips—a new chip known as the All–Analogue Chip Combining Electronics and Light 
(ACCEL) that uses photons for computing and transmitting information has reached a computing  
speed of 4.6 PFLOPS (peta–floating point operations per second) in lab tests; announced in 2023  
by Tsinghua University, this chip was designed for vision tasks and is not yet on the market [16].

Software architectural approaches
There are many different software strategies to reduce the energy use of AI models. These include task–
specific models and modular designs. Not all AI use cases, for instance, need general–purpose models.  
For example, AI for networks does not require the ability to write poems in the form of Shakesperean 
sonnets. Building models specific to a use case or task reduces the size of the model, hence, the energy 
required. Activating only the task–specific AI models when needed is analogous to activating only the 
neurons required in the brain, which makes the brain highly energy efficient. 

There are several brain-inspired AI architectures that are open-sourced; they try to mimic the human  
brain in specific but varying ways:

1.	Spiking neural network (SNN) architecture—instead of transmitting continuous activation values as in 
traditional neural networks, spiking neurons communicate by sending discrete “spikes” (brief electrical 
pulses) at specific times; example models include SpikeYolo [17], SpikingBrain [18], Thousand Brains 
Project [19] and Baby Dragon Hatchling [20]

2.	Liquid neural nets (LNN) architecture—inspired by the “liquid” state of biological neural circuits, where 
a fixed, randomly connected recurrent network (the “liquid”) transforms incoming signals into a high–
dimensional, dynamic representation, which is then read out by a simpler, trainable layer; Massachusetts 
Institute of Technology (MIT) has spun off Liquid AI [21]

3.	Hierarchical reasoning models (HRM)—inspired by the brain’s hierarchical processing of information, 
HRMs break down complex problems into simpler, interconnected sub–problems, mimicking high–level 
cognitive processes like planning and decision–making; example models include Sapient Intelligence [22] 
and the tiny recursive model (TRM) [23].

TRM is an example of researchers pursuing ways to streamline existing and emerging architectural 
approaches (e.g., HRM) to reduce the size of the models while preserving high benchmark accuracy 
outcomes [23].

Efficient training methods
There are various ways to reduce energy consumption during training, for example:

•	 Reduce the amount of data required for training using zero–shot, one–shot, few–shot and transfer 
learning as well as fine–tuning to reduce the amount of energy required

•	 Enhanced backward propagation for DNNs, for instance, GreenTrainer, a fine–tuning technique, can  
save 64% of floating-point operations per second (FLOPS) without noticeable accuracy loss using 
adaptive backward propagation [24].

The co–design of training algorithm, model architecture and hardware
Current training methods and network architectures have been largely selected so that they train and  
run efficiently on GPUs. For other types of hardware, new methods will need to be developed to reap  
full benefits. One promising approach is to co–design the neural network architecture and the hardware 
jointly [25, 26].
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Lessons learned:  
Energy–efficient AI for networks guide (EA4NG)
The clear impact of the rapid adoption of AI and the resulting arms race is the soaring demand for energy. 
While solutions such as renewable energy and nuclear power plants can address some of the increase 
in demand, these are not sufficient since utilization of carbon–based energy is also rising. Reducing AI’s 
energy consumption is imperative.

Many ideas and approaches are currently under research and implementation. These should make up a 
multi–pronged holistic solution since there is no single answer. Just as products are being designed now  
to be AI–native or AI–first, each AI–enabled product should also be designed at the beginning to be energy–
efficient–first.

Figure 3. Energy–efficient AI for networks guide

Energy-efficient AI for Networks Guide (EA4NG)
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An energy–efficient AI for networks guide has three essential steps followed by a set of best practice 
recommendations. See figure 3.

Step 1: Is AI needed, and, if so, then which one?
The first step is to determine whether AI is the right answer or approach for a network function. While 
AI is currently trendy, it is not always necessary or suitable for every situation. It is crucial for anyone 
considering AI to answer these questions:

a.	Is there a real need [27, 28]?

b.	Is it the best approach [28]? Does it meet the latency, memory, and power budget constraints?

c.	Which type of AI is best? Neural, symbolic or neuro–symbolic AI? Language–based or non–language–
based?
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d.	What is its footprint, and is it worth it? AI should be used only if its benefits offset its environmental 
impact [29, 30].

Ideally, one should consider every AI or non–AI–based approach to determine which solution has the  
best trade–off between energy efficiency and quality of the results [29, 31].

Related to asking “AI or not?” is the question of geography. What is the best location to deploy this AI 
implementation? The deployment aspects of AI (i.e., which country, which cloud, and which hardware 
architecture) must be seriously considered to minimize energy impact [30–32].

The entire toolchain must be considered, including the AI model, the underlying machine learning (ML) 
framework, the underlying graphics processing unit platform, and the underlying graphics processing 
unit. Candidate GPUs have an impact on energy efficiency. In AI, inferencing is both time– and space–
constrained, but training can be relocated. Thus, training (and, ideally, inference) should be achieved  
with geographically-optimized energy–efficient hardware.

Step 2: AI energy optimization
Once the decision is made to use AI, we propose a systematic consideration and implementation of the 
following techniques to ensure energy minimization.

a.	Use techniques like pruning, quantization and distillation to reduce the size of the models. Compression 
can affect the performance metrics of the models. Hence, there may be a trade–off. Understand and 
define what the acceptable performance thresholds are and compress accordingly.

b.	Optimize the training process. Avoid full training or retraining when possible. Use transfer learning, few–
shot learning and fine–tuning to minimize the amount of training required. Researchers are currently 
exploring efficient continual learning techniques to sustain the performance of trained models.

c.	Use specialized hardware when possible. Usually, these will be more energy efficient than general–
purpose processors. Neuromorphic chips and in–memory–compute show enormous promises.

d.	Use brain–inspired models, if possible, that are sparse and mimic brain–like energy–efficient methods.

Step 3: Measuring and monitoring energy consumption
There is a need for universal AI benchmarks that assess energy efficiency. Without them, it is difficult  
to measure and compare progress. EcoLogits is a Python library that tracks the energy consumption  
and environmental footprint of generative AI models through application programming interfaces (APIs).  
It can be used to compare the environmental impact of various large language model–based tasks, based 
on the AI provider and the underlying model [33]. EcoLogits was created and is actively maintained by  
the GenAI Impact nonprofit [34].

Nokia proposes an environmental impact assessment of AI systems (ENVIAA) framework to transparently 
assess the environmental impacts of AI systems [29]. Nokia is also leading the EU Lighthouse Project on 
Sustainability in 6G, named SUSTAIN–6G [35]. This initiative will build upon the foundations of the Nokia–
led flagship projects Hexa–X and Hexa–X–II. It will concentrate on the two key aspects, “Sustainable 6G”  
and “6G for sustainability,” addressing all aspects of sustainability, including economic, environmental  
and societal.
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Best practices recommendations
We recommend and propose using the following best practices for an energy–sustainable AI  
for networks solution:

•	 Design modular models to make it easier to share and reuse

•	 Design models for specific tasks rather than use general–purpose models

•	 Re–use trained models to save energy related to the learning process

•	 Use optimization techniques for training

•	 Optimize models to ensure energy–efficient products for inferencing

•	 Use hardware designed specifically for AI models

•	 Monitor energy consumption to assess the environmental impact.

And as much as possible, take geographic location into account when deploying AI to minimize  
energy consumption. See the Appendix for more details and network AI examples.

Conclusion
The rapid adoption of AI, particularly large language models, presents both immense opportunities 
and significant environmental and economic challenges due to soaring energy consumption. We have 
highlighted the critical need for energy efficiency within the telecommunications and networking sectors, 
where AI is foundational for future advancements like 6G and network autonomy. Nokia’s pragmatic, three-
step Energy-efficient AI for Networks Guide (EA4NG) provides a clear framework for minimizing AI’s energy 
footprint and maximizing its positive impact. By systematically applying optimization techniques such as 
pruning, quantization, and leveraging specialized hardware, alongside mandatory consumption monitoring, 
telecommunications providers and AI/data center operators can achieve sustainable AI deployments.  
We advocate for a multi-pronged strategy, encompassing brain-inspired AI paradigms and hardware-
software co-creation, to meet ambitious energy reduction goals and to secure the long-term profitability 
and sustainability of AI in networks.
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Abbreviations
ACCEL 	 All–Analogue Chip Combining Electronics and Light

AI 	 Artificial intelligence

APIs 	 Application programming interfaces

CNNs 	 Convolutional neural networks

DNNs 	 Deep neural networks

EA4NG 	 Energy–efficient AI for Networks Guide

EU 	 European Union

ENVIAA 	 Environmental impact assessment of AI systems

FLOPS 	 Floating point operations per second

GPUs 	 Graphics processing units

HRM 	 Hierarchical reasoning models

HW 	 Hardware

IUCs 	 Internal use cases

LLMs 	 Large language models

LNNs 	 Liquid neural networks

ML 	 Machine learning

MoE 	 Mixture of experts

RNNs 	 Recurrent neural networks

SNNs 	 Sparse neural networks

SVMs 	 Support vector machines

TRM 	 Tiny recursive model
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Appendix:  
Reducing AI energy consumption in networks
How is energy used when developing AI solutions and what are the system level constraints?

Table 1. Energy consumption during AI lifecycle

High level Step constraints How it impacts energy Network context examples

Data collection  
and processing

Collection  
[Compute, bandwidth, 
storage]

Sensors need to be powered while 
processing functions require energy to 
scrape or extract data on top of ordinary 
operation.

Data at different levels of the stack or signal 
processing chain such as antenna data for 
ISAC or operational data from event logs

Retention  
[storage]

High sampling rate coupled with information 
rich data require large amounts of storage 
space and energy. Backups increase energy 
demand.

I/Q samples or FFT based data on a 5G 
frame basis (i.e., every 10ms) can generate 
many TBs of data.

Preprocessing and 
cleaning [memory, 
compute, bandwidth, 
storage]

Labeling, feature extraction, normalization 
require significant processing and can be  
I/O intensive 

Time domain (e.g., skew, variance) or 
frequency domain (e.g., DFT,MFCC) 
techniques to incorporate domain 
knowledge for feature presentation to  
AI model

Model selection  
and design

Design  
[memory, compute, 
bandwidth, storage]

Can require both high memory and compute Task specific models  (e.g., reinforcement 
learning for network congestion) are 
smaller in size while large models (e.g.,Nokia 
Language Model for understanding network 
terminology) are on the higher end of  
energy scale

Learning efficiency 
[compute, storage, 
bandwidth]

A learning model that can continually learn 
will require less energy overall than having  
to retrain models from scratch

 Most models used are off the shelf models 
and fine-tuned for the specific task and 
need to re-learn for new data.

Model 
implementation  
and deployment

Training  
[compute, bandwidth, 
memory  
size, data access]

Non-distributed training will require 
more hours while distributed training will 
require fewer hours, but energy will still 
be consumed across distributed paths in 
addition to synchronization overheads.

Most models for networks today use 
non-distributed training. Big AI Models for 
wireless networks with collaborative edge 
computing are being researched.

Inference  
[compute, bandwidth, 
memory size, data 
access]

For inference that requires access to large 
data stores e.g., RAGs increase energy 
needs.

Nokia Language model uses a data store 
that stores network terminology in vector 
form and is used to search through a trove 
of technical documents.

Data movement  
[bandwidth]

Moving data to a processing location 
requires additional bandwidth and energy 

Critical tasks such as adversarial object 
detection or safety monitoring using wireless 
signals may require multiple GB/s transfer 
rate for data to reach AI models
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What are the system level constraints to consider?  

Table 2: Constraints to consider during AI solution development

Constraints How it impacts the AI solution

Data access (e.g., traditional von Neumann versus “near or in-
compute” memory)

•	 Bottlenecks in data access significant contributor to low AI 
processor utilization

•	 New compilers/framework required to take advantage of new 
compute architecture

Memory size •	 CPU: needed for loading datasets and model weights, storing 
feature vectors before transferring to GPU memory. Also limits 
in memory data sizes for non-AI related tasks.

•	 GPU: limits model weight size and data batch size

Number of cores per node/machine •	 CPU: for parallel processing and handling multiple data streams
•	 GPU: determines model parallel processing capacity

Interconnect bandwidth •	 Impacts how fast data can move – GPU waiting for data is a 
common bottleneck which reduce utilization

Latency •	 Determines how fast information can be derived for 
downstream tasks

Storage •	 While cost per GB is low, it is not infinite

 
The following table shows a pragmatic approach to considering all of the constraints listed above.

Table 3. Guidelines for energy reduction

High-level step Action Description Energy impact

Data collection and processing Engineer the training data using 
subject matter expertise

Model performance and training 
times can be reduced if the 
training data is structured, 
filtered and has a feature set 
matched to the task.

Besides, performance boost, 
reduces energy associated with 
data movement, storage and 
training.

Model selection and design Decide on learning model 
architecture: classical versus 
modern

Traditional machine learning 
models can be effective and 
consume less energy. Modern 
deep learning models are 
more flexible but can consume 
relatively significant amount of 
energy.

The selection of classical AI 
results in reduced energy for 
computation and on-board 
memory support creating space 
for other models/applications.

Use domain knowledge Stay close to classical signal 
processing and use AI where 
it makes sense. Don’t replace 
functions where a classical 
algorithm works well.
Do replace functions that 
are heuristic, tuned by 
experimentation or are data 
dependent.

Strongly reduced model sizes 
mean proportional savings in 
energy. Starts from classical 
baseline performance.

Slim down neural network  
architecture

Use known methods to reduce 
model size (depth-wise 
separable convolutions, grouped 
convolutions, …)

Further reduction in the number 
of model parameters and 
compute and therefore energy 
savings.
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High-level step Action Description Energy impact

HW/SW co-design and 
quantization

Quantization of weights and 
activations can reduce compute 
further, but only if the quantized 
operations can be mapped to 
hardware. Quantization aware 
training is necessary for best 
performance and different parts 
of the model can have different 
precision requirements. 

Model that is closely linked to 
hardware and makes use of the 
most energy efficient number 
representations. Smaller 
precision on the right hardware 
translates to energy savings in 
elementary operations (add, 
multiply).

Model implementation and 
deployment

Use right amount of flexibility Less flexible AI models can be 
made more energy efficient 
(deterministic data movement) 
but sacrifice usability. This 
trade-off needs to be carefully 
considered for deployment.

Hardcoding of most compute-
intense parts of a model 
reduces data transfer and 
therefore energy usage.

Shrink models for particular use 
cases

If the application allows, split it 
into easy and hard use cases. 
Use smaller models for easy use 
cases.

Use case specific models 
for average reduction in 
computational effort/energy.
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