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Foreword

WILL ABBEY,

EXECUTIVE VICE PRESIDENT
AND CHIEF COMMERCIAL
OFFICER, ARM

Throughout history, certain technological advancements have
fundamentally altered our world. The printing press democratized
knowledge. The industrial revolution transformed manufacturing. The
internet connected humanity in ways previously unimaginable. Today, we

stand at another such pivotal moment with artificial intelligence.

Like those historic inflection points, artificial intelligence (Al) is not merely an
incremental improvement on what came before; it represents a paradigm
shift that is redefining how we work, communicate, create, and solve
problems. And like those earlier transformations, the full impact of Al will

be determined not just by the technology itself, but by how we choose to

develop, deploy, and govern it.

What was once considered the realm of science fiction has become an
integral part of our daily lives and business operations. The Al Readiness
Index report represents a comprehensive effort to understand where we

stand today in a rapidly transforming world and chart a course for the future.

As we navigate this transformative era, one thing has become abundantly
Clear: Al'is no longer a technology of tomorrow—it is the driving force of
now. Our research reveals that 82% of global business leaders are already
using Al applications, with overwhelming majorities expecting to increase
their investments in the coming years. Yet despite this widespread adoption,

only 39% report having a clearly defined, comprehensive strategy in place.

This gap between adoption and strategic implementation underscores

the complex challenges organizations face. From building robust technical
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foundations and addressing security concerns to navigating evolving
regulatory landscapes and developing necessary talent, the path to Al

success requires careful consideration of multiple interconnected factors.

What makes this moment particularly significant is the shifting nature of the
conversation itself. We have moved beyond asking whether Al will transform
our industries to asking how we can responsibly harness its potential to
drive innovation, efficiency, and growth. The focus has rightfully expanded
from purely technical considerations to encompass broader implications for

security, sustainability, governance, and workforce development.

The Al Readiness Index aims to serve as both a mirror and a compass—
reflecting the current state of Al readiness across industries and regions
while providing direction for organizations at various stages of their Al
journeys. By combining extensive survey data from 665 business leaders
with expert analysis and case studies, we offer a nuanced view of the

challenges and opportunities that lie ahead.

As you explore the findings in this report, | encourage you to consider

not just where your organization stands today, but where it needs to be
tomorrow. The organizations that will thrive in this new era will be those
that approach Al with both ambition and responsibility—embracing its
transformative potential while thoughtfully addressing the technical, ethical,

and human dimensions of implementation.

The future of Al is being written today, by leaders willing to ask difficult
questions, take bold risks and make strategic investments in the
foundations of tomorrow’s success. My hope is that this report will serve as

a valuable resource as you write your organization’s chapter in that future.
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A Data-Driven Analysis
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In boardrooms and strategy sessions across the globe, artificial intelligence
has moved from a distant aspiration to an immediate priority. Our
extensive survey of business leaders reveals a notable reality: Al adoption
is accelerating rapidly, with 82% of global businesses already deploying Al
applications in their day-to-day operations.. This broad adoption of artificial
intelligence spans industries and regions, demonstrating that Al is no
longer the exclusive domain of tech giants but has become an essential

technology for enterprises of all types.

Customer service stands at the forefront of this adoption wave, with 63%
of organizations deploying Al to enhance customer interactions. Document
processing (54%), IT operations (51%), and security applications (51%)
follow closely behind, showing how Al has rapidly infiltrated core business

functions. This isn't merely experimentation—it’s transformation at scale.

The enthusiasm for Al runs deep within organizational hierarchies. An
overwhelming 90% of leaders report their organizations are receptive to Al-

driven changes, with 83% considering Al adoption “urgent”
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83% of Global Leaders Believe it is Urgent for their Organizations to Embrace Al;
with 30% Saying it’s Highly Urgent

2%

' 15%

30%

. Not Urgent Somewhat Not Urgent . Somewhat Urgent Highly Urgent

Most tellingly, 82% of businesses have secured executive sponsorship
at the highest levels, with CEOs and senior management personally
championing Al initiatives. This top-down commitment signals that Al has

transcended technical curiosity to become a strategic imperative.

Financial commmitments reinforce this strategic shift. Eight in ten
organizations have established dedicated Al budgets, with regional
variations highlighting different approaches to investment. The Asia-
Pacific region leads in budget allocation, with 86% of APAC businesses
dedicating resources to Al initiatives, compared to 76% in Europe and 75%
in the United States. However, American organizations are investing more
aggressively, with 57% committing more than 10% of their IT budgets to Al,
surpassing European (46%) and APAC (45%) counterparts.




“Al will eliminate
repetitive work,
allowing employees
to engage in more
strategic and
creative tasks.” -
Business leader survey
respondent
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Has Dedicated Al Budget Percentage Spends Over 10 Percent on Al Percentage
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This financial commitment shows no signs of wavering, as 87% of business

leaders anticipate increasing their Al budgets over the next three years.

What’s driving this rush toward Al? In a word, efficiency. A compelling
©63% of global leaders identify operational efficiency as the primary
benefit they expect from Al, with 80% making it the central focus of their
20256 Al strategy. As one business leader articulated, “Al will eliminate
repetitive work, allowing employees to engage in more strategic and
creative tasks.” Another explained how “Al advancements will impact our
organization by enhancing efficiency in decision-making and innovation
across operations while requiring continuous adaptation to new

technologies and regulatory changes’”

Yet beneath this momentum lies a concerning paradox.
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Adoption-Strategy Paradox
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Despite widespread adoption and executive support, only 39% of
organizations have developed a clearly defined, comprehensive Al strategy.
Even fewer—just 37%—have implemented a robust change management
plan to guide Al implementation across their businesses. This gap
underscores that while Al is deployed, many organizations may not fully
understand how to integrate it effectively or ready their workforce for the

changes ahead.

One Vice President in the financial industry’s IT department
acknowledged: “We have our work cut out for us in formalizing these
toolsets. Their use has grown organically within the business units, so we
have duplication. | think we're getting there, and that’s certainly part of my

role—to figure that out”
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This lack of a cohesive strategy raises critical questions about the
sustainability of current Al initiatives and their long-term impact on business

performance.

PROCEED WITH CAUTION

The enthusiasm for Al must be tempered with a sobering reality: many
organizations remain ill-equipped to scale their Al initiatives effectively.
Our research reveals significant shortcomings in three critical areas—
infrastructure readiness, talent availability, and data quality—each

representing a potential barrier to realizing Al's full potential.

Infrastructure Challenges

2%

29% 28%

4%

Can Automatically Scale Al Resources

. Can Manually Provision Resources with Planning
Requires Significant Infrastructure Upgrades

. Cannot Support Additional Al Workloads

Infrastructure limitations are particularly concerning. Only 29% of

organizations have systems or storage resources to meet growing Al
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demands. Even fewer—a mere 23%—have dedicated power infrastructure
to handle the increased energy requirements of Al workloads. This means
77% of businesses have only begun upgrading their facilities—if

they have any power management strategy. Additionally, 65% of leaders
acknowledge that their organizations lack comprehensive energy efficiency
optimization measures for Al systems, raising questions about operational

costs and environmental impact as these workloads grow.

Al Efficiency Optimization Level

5%

13% ‘

35%

Comprehensive Optimization (Automated Scheduling, Real-time Monitoring)
. Basic Optimization (Manual Scheduling, Some Monitoring)
Limited Optimization (Basic Monitoring Only)

. No Optimization Measures in Place

The talent gap poses an equally significant challenge. A third of business
leaders (34%) report their organizations are “significantly under-resourced”
or “under-resourced” when it comes to Al expertise, while nearly half
(49%) identify a lack of skilled talent as a primary barrier to successful Al
implementation. As one C-level executive in manufacturing lamented, “It’s
about manpower talent. It's so hard to find people who know Al and can

talk about Al”
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“We have our work
cut out for us in
formalizing these
tool sets. Their use
has largely grown
organically within
the business units,
and that’s why we
have duplication.”

- Vice President
within the Information
Technology
department, working
for an organization in
the financial industry
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Despite recognizing the talent gap, organizations are taking inconsistent
approaches to addressing it. While two-thirds (66%) of leaders express
intentions to upskill existing employees to adapt to increased Al integration,
39% still don't have dedicated programs to develop Al skills among their
workforce. This disconnect between recognized need and decisive action

threatens to widen the talent gap rather than close it.

Perhaps most fundamentally, organizations struggle with data readiness—
the essential foundation for effective Al applications. Nearly half of
businesses leverage customer data (49%) and operational data (48%) for Al
initiatives. However, data management practices remain largely rudimentary.
Only about half (53%) of organizations have basic data automation
processes for Al/ML models, while 18% rely on manual or ad hoc data
cleaning procedures. Not surprisingly, 46% of leaders cite data quality and

accessibility issues as a major barrier to successful Al implementation.

Industry leaders recognize these challenges. One Vice President in

the financial industry’s IT department explained: “Our data quality and
cataloging is so critical when it comes to Al.That is work in front of us”
Another C-level IT executive in manufacturing emphasized the need for
integrated data platforms: “We need to get the data into one platform so

we can try to leverage the other functions to use Al”

These infrastructure, talent, and data challenges cannot be overlooked.
Without addressing these fundamental capabilities, organizations risk their
Al investments delivering diminishing returns as they attempt to scale

beyond initial proof-of-concept deployments.
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SECURITY SENSITIVITY

As organizations increasingly integrate Al into their operations, a new
dimension of risk has emerged that demands urgent attention: data security
and privacy. Security concerns are growing proportionally, with personally

identifiable information (PIl) rapidly becoming central to Al initiatives.

Security Concerns (Those who Ranked Category among Top 3)

1 1 1 1 J
0% 10% 20% 30% 40% 50%

. Data Privacy Breaches through Model Extraction Model Theft or Intellectual Property Loss

Compliance with Security Regulations . Supply Chain Security for Al Components
. Adversarial Attacks on Al Models Unauthorized Access to Training Data
. Integration with Existing Security Infrastructure . Prompt Injection Attacks

Nearly half (49%) of businesses already use customer data to power their
Al initiatives, and the trend is accelerating. Looking ahead, 56% of leaders
indicate their organizations plan to utilize personally identifiable information
for future Al applications. This growing reliance on sensitive data introduces

significant security considerations.

As one director in the life sciences and biotechnology industry explained:
“l think when you get into some of these companies, ours in particular, we

have to be a little bit more safeguarded because of the data sets we have.
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“Al advancements
will impact our
organization by
enhancing efficiency
in decision-making
and innovation across
operations while
requiring continuous
adaptation to new
technologies and
regulatory changes.”
- Business leader
survey respondent
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Not all of it can be shared in public knowledge, but Al makes looking at that

data, interpreting that data, analyzing that data 1000 times easier”

The expanded use of sensitive data in Al systems introduces security
considerations and ethical concerns about bias and fairness. Al systems
are only as objective as the data they’re trained on, raising important
questions about how organizations ensure their Al applications make fair

and unbiased decisions.

Our research reveals a significant gap in this area. Nearly half (47%) of
business leaders acknowledge their organizations have limited bias
detection and correction processes in their Al systems. Even more
concerning, /% reported having no formal bias correction process and
relying instead on ad hoc bias checks. This inconsistent approach to bias
mitigation poses significant risks, especially as Al becomes more deeply

integrated into consequential business decisions.

Forward-thinking leaders recognize these challenges. As one Vice
President in the financial industry observed: “We have to make sure that
data is bias-free, and to do that, we have to come up with policies and
standards controls that need to be implemented within the organization by
support of data scientists and data stewards.” This recognition drives 44%
of leaders to identify Al ethics and data engineering as the most critical

skills their organizations will need in the next five years.

On a more positive Note, organizations are beginning to implement
security measures for their Al systems. Only 5% of businesses report no
specific Al security measures. The vast majority are taking at least some
precautions, with 56% conducting regular security audits of Al models and
infrastructure, 56% performing security testing of Al-powered applications,

and 51% conducting vulnerability assessments for Al systems.
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Despite these measures, significant concerns persist. Nearly half (48%) of
business leaders identify data privacy breaches through model extraction

as a top Al security concern. One Vice President of Marketing and Sales in
retail observed: “| think there’s a big open question on IT security that large

companies are going to worry about”

As Al systems become more deeply integrated with sensitive business and
customer data, organizations must evolve from basic security practices to
comprehensive security strategies that address the unique vulnerabilities

associated with Al technologies.

PREPARING FOR AN AI-POWERED FUTURE

One prediction seems certain as we look toward the horizon: Al adoption

will continue to accelerate across all industries. Organizations that prepare
effectively today will position themselves to capitalize on this technological
revolution, while those that fail to address fundamental readiness gaps risk

falling behind.

The business case for Al continues to strengthen among organizations
using Al; 65% report that their Al applications are meeting or exceeding
expectations for return on investment. This positive experience drives
further adoption, with 92% of business leaders indicating plans to expand

their Al usage in some capacity.
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Al expectations vs. reality
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However, successfully scaling Al initiatives requires addressing several
critical preparation gaps. A third (34%) of business leaders identify
integration with existing security infrastructure as a top Al security concern.
Meanwhile, 43% acknowledge their employees demonstrate only a basic
understanding of Al at best, with additional training urgently needed. These
challenges have led two-thirds (67%) of business leaders to identify Al
security among the most critical Al-related skills their organizations will

need to develop over the next five years.

Organizations must balance enthusiasm with strategic planning as

they prepare for an Al-powered future. By systematically addressing
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infrastructure limitations, closing talent gaps, enhancing data quality, and
strengthening security measures, businesses can move beyond initial

experimentation to realize Al's transformative potential at scale.

The path forward is clear, if challenging. Organizations must translate their
Al enthusiasm into comprehensive strategies that address foundational
readiness gaps. Those who successfully navigate this transition will be
positioned to reap the efficiency gains and competitive advantages that Al
promises. For the rest, the gap between Al ambition and Al readiness may

prove increasingly difficult to bridge.
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CHAPTER 2

The Technical Foundation:
Technology Requirements

for Al Success

DR JOHN SOLDATOS,
HONORARY RESEARCH

FELLOW AT THE UNIVERSITY 21 OVERVIEW OF Al TECHNOLOGY REQUIREMENTS
OF GLASGOW

211 The Need for a Robust Technology Infrastructure
Avrtificial Intelligence (Al) systems are advancing rapidly, becoming more
flexible, scalable, and powerful. But to unlock their full potential, they need a
solid technological foundation. Robust infrastructure is critical to managing
the increasing complexity, scale, and sophistication of Al applications. It
must support vast data processing, storage, and analysis while ensuring
models run efficiently. As Al workloads grow, infrastructure must evolve to
handle diverse tasks, reduce latency, and process massive data volumes—

all while maintaining the speed and reliability modern applications demand.

21.2 Technology Requirements: Main Challenges in Key
Technological Areas

The development and deployment of robust Al technology infrastructures
leverage various state-of-the-art developments, including high-

performance computing architectures, power-efficient systems, scalable
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29%

resources

infrastructures, and a proper balance between edge Al and cloud Al

deployments. Recent advances in the above-listed areas help overcome

considerable performance, scaling, and energy efficiency challenges.

Specifically:

— Evolution of computing architectures: Over the past three decades
we have witnessed a transition from simple, single-tier systems to

complex multi-tier architectures that segment various aspects of an

application (e.g., user interface, data access, business logic) into different

functional layers. This transition has been driven by the need for more

flexible, adaptable, and scalable systems. In line with this evolution,

early Al systems were limited in their inability to efficiently process large

datasets or perform complex computations. To address this limitation,

there has been a shift towards multi-tier systems. This shift introduces

multiple learning layers and service-oriented designs, enhancing system

capabilities and performance.

— Infrastructure scaling: As Al models become larger and more
sophisticated, there is a need for infrastructures that can scale in a
cost-effective manner. As a prominent example, the size of Large
Language Models (LLMs) and their training datasets are increasing at
an unprecedented pace. This demands for infrastructures capable
of scaling to accommodate both training data and data processing
workloads. Recent advances in distributed computing offer solutions
to these challenges, notably, solutions handle workloads at large scale
without compromising speed or efficiency. Nevertheless, there is still
a need for effective resource management strategies that optimize

resource utilization while maintaining cost efficiency.

— Edge vs. cloud computing considerations: In recent years, organizations

have managed workloads across the edge-cloud computing continuum.

In this direction, the benefits of localized processing are confronted
against those of centralized resources. In principle, edge computing
reduces latency by processing data closer to its source, making it ideal

for real-time applications. In contrast, cloud computing provides scalable
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access to virtually any number of computing resources, yet it also
introduces latency issues for certain applications.

Power-performance trade-offs: Today, energy consumption is one of
the major concerns surrounding the deployment of Al systems at a very
large scale. Al models are gradually growing in complexity, asking for
more computational power and leads to increased energy consumption.
Therefore, there is a need to balance high performance with energy
efficiency, which is typically a significant challenge. At the same time,
organizations must carefully consider the trade-offs between different
processing architectures based on their specific workload requirements
and constraints. Energy-efficient CPU architectures, like those based on
Arm technology, have been crucial for enabling Al workloads at scale

in data centers and edge computing environments. These processors
combine general-purpose computing capabilities with optimizations for
Al operations, providing an efficient foundation for inference workloads
where versatility and power efficiency are paramount.

Specialized Al hardware: Specialized Al hardware has also emerged

to address specific computational challenges. Graphics Processing
Units (GPUs) excel at parallel processing tasks common in Al training.
Tensor Processing Units (TPUs) and Neural Processing Units (NPUs) are
purpose-built for Al workloads, offering high performance per watt for
specific types of neural network operations. Each of these technologies
presents different trade-offs between computational power, energy
efficiency, flexibility, and cost. Modern industrial enterprises are therefore
offered a host of Al hardware options (e.g., Al-optimized CPUs, GPUs,
TPUs, NPUs), which can be combined to meet their Al deployment
requirements. In this context, companies must understand the
capabilities of each option and how they can be integrated to serve their

particular needs.
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21.3 User-driven technologies: Aligning infrastructure with
end-user requirements

To ensure scalability, speed, and efficiency, it is also important to align
technology infrastructure with end-user requirements. This involves
understanding the specific needs of Al workloads, such as latency sensitivity
and data volumes. In principle, Al infrastructures must provide tailored
solutions for different Al application profiles in order to help ensure that
performance, scalability, latency, energy efficiency, and other requirements
are met. Emerging Al infrastructures must be driven by end-user

requirements as much as they are driven by the evolution of Al technologies.

2.2 THE ARCHITECTURAL FOUNDATIONS OF
MODERN Al

2.21 Edge-Cloud Integration: A New Paradigm for Al
Infrastructure

The evolution of Al system architectures has played an essential role in
enabling the development, deployment, and operation of state-of-the-art
Al systems, such as edge-cloud Al systems and generative Al systems. For
instance, large-scale generative Al systems (e.g., ChatGPT) and distributed
learning systems (e.g., federated learning) could hardly be deployed

based on old-fashioned, monalithic, single-tier architectures. Rather, they
have become possible with the emergence of distributed, multi-tier, and
hybrid architectures, which have opened new horizons for the scalability,

adaptability, modularity, and performance of Al systems.

In particular, Al architectures have undergone significant transformations over

the decades. The main milestones in this evolution of Al architectures include:

— Single-tier and multi-tiered systems: As already outlined, Al systems
were rarely monolithic. They consolidated user interface, logic, and data

storage components into a single executable module. This offered
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infrastructures
typically employ
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computing approach
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development and deployment simplicity yet limited scalability and
adaptability. As such, single-tier architectures were unsuitable for non-
trivial Al systems and tasks. To address these limitations, multi-tier (n-tier)
architectures that segmented functionalities into specialized layers
have emerged. Multi-tier systems enable modular development and
distributed processing, which boost efficiency and scalability.
Cloud-based architectures: During the last two decades, the rise of
cloud computing introduced on-demand access to computational
resources, while also offering elasticity, capacity, and quality of services.
The latter features have opened new horizons in the scalability and
flexibility of enterprise workloads, including non-trivial Al applications.

— Edge computing: The advent of loT devices, real-time applications,
and mobile applications hosted in mobile devices like smartphones
imposed new requirements that could hardly be met by cloud computing
infrastructures. This led to the concept of edge computing, which is about
processing data close to the data sources rather than to the cloud. Edge
computing provides an effective solution for reducing latency, improving

energy efficiency, and ensuring the confidentiality of sensitive datasets.

Today, Al architectures are not purely cloud-based but instead support
hybrid models. Hybrid architectures combine on-premises infrastructure
with cloud resources to balance flexibility and control. For instance, in a
hybrid deployment, on-premises systems can be used to handle sensitive
data and/or latency-critical tasks, while cloud resources are used to
provide scalability for training large models or storing vast datasets.
Advanced hybrid solutions integrate cloud and edge computing to
optimize performance. For instance, edge devices preprocess data locally
before sending it to the cloud for deeper analysis. This helps leverage the
advantage of both edge and cloud. In particular, edge-cloud deployments
combine the scalability, cost flexibility (pay-as-you-go), and intelligent
centralized resource management capabilities of the cloud with the

reduced latency and enhanced privacy characteristics of the edge.
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2.2.2 Al Models and Hardware

The evolution of Al system architectures has played an essential role

in enabling the development and deployment of different Al models.

Specifically, modern Al systems integrate a variety of models that feature

different architectures, including:

— Neural networks: Neural networks are the foundational architecture for
many Al systems. They consist of interconnected nodes (neurons) that
mimic the human brain’s structure. Prominent types of Neural Networks
include
(i) Feedforward Neural Networks (FNNs), where data flows in one
direction, from input to output. FNNs are used in basic classification and
regression tasks;

— (i) Convolutional Neural Networks (CNNs), which are specialized for
image processing and pattern recognition. As a prominent example,
the AlexNet CNN, revolutionized image classification by using deep
convolutional layers;

— (i) Recurrent Neural Networks (RNNs), which are designed for
sequential data with feedback loops to retain memory. As a prominent
example, Long Short-Term Memory (LSTM) networks are extensively
used in time-series forecasting and natural language processing (NLP);

— (iv) Residual Networks (ResNet), which introduced skip connections
to address vanishing gradient issues in deep networks. As an example,
ResNetbO0 is widely used in computer vision tasks like object detection.
Overall, Neural networks are used in a wide variety of applications and
tasks, including image recognition, speech-to-text systems, medical
diagnosis, and more.

— Transformer models: Transformers have revolutionized Al by enabling
parallel processing and self-attention mechanisms in order to handle
sequential data in very efficient ways. From an architecture viewpoint,
a transformer model consists of an encoder-decoder structure. The
encoder processes input sequences into representations. At the same

time, the decoder generates outputs based on these representations.
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The core components of transformers also include multi-head
attention layers and feedforward networks. One of the most prominent
examples of transformer models is BERT (Bidirectional Encoder
Representations from Transformers), which is an encoder-only
model for tasks like text classification and sentiment analysis. Another
example is the T5 (Text-to-Text Transfer Transformer) model, which
is an encoder-decoder model for translation, summarization, and
other NLP tasks. Most importantly, the very popular GPT (Generative
Pre-trained Transformer) a family of models, ie., the models behind
ChatGPT, are also decoder-only models for text generation and
conversational Al. In general, transformers excel in NLP tasks such as
machine translation, text summarization, and question answering. They
are also applied in protein folding (e.g., AlphaFold) and computer vision
tasks like object detection.

Generative Al Models: Generative models create new data resembling
the input data they were trained on. As a prominent example, Generative
Adversarial Networks (GANs) comprise a generator that creates
synthetic data and a discriminator that evaluates its authenticity. Notable
examples of GANs are the DCGAN (Deep Convolutional Generative
Adversarial Networks) for image generation and the CycleGAN for
domain transfer, like turning photos into paintings. Another class of
Generative Al Models is the Variational Autoencoders (VAEs), which
learn latent representations to generate new data points. VAEs are

used to generate realistic images or interpolate between data points.
Overall, generative models are used in creative tasks like art generation,
synthetic data creation, and drug discovery.

Multi-modal models: These models process and integrate multiple
types of data (e.g, text, images). For instance, CLIP (Contrastive
Language-Image Pre-training) aligns visual inputs with textual
descriptions for tasks like image captioning or zero-shot classification.
As another example, DALL-E: Generates images based on textual

prompts by combining NLP and computer vision capabilities.
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Multi-modal models are usually applied in content creation, augmented
reality, and cross-modal retrieval systems.

— Other specialized architectures: There are also other models tailored
for specific domains or tasks. For instance, Vision Transformers (ViTs)
adapt transformers for image processing by dividing images into
patches. They are used in tasks like object detection and segmentation.
As another example, Deep Reinforcement Learning Models combine
neural networks with reinforcement learning techniques. The AlphaZero
model, notorious for mastering board games like chess and GO, is a

deep reinforcement learning model.

Overall, Al system architectures have evolved from basic neural networks
to advanced designs like transformers and generative models. Each
category serves a unique purpose. Neural networks provide foundational
Al capabilities, while transformers dominate NLP and multi-modal
applications. Generative Al models enable creative outputs, and multi-

modal models bridge different data types.

Moreover, modern Al architectures and the above-listed Al models benefit

from specialized hardware. Specifically:

— CPUs are fundamental to Al infrastructure, particularly for inference
workloads where their versatility and power efficiency are crucial.
Modern CPU architectures optimized for Al workloads combine
sophisticated vector processing capabilities with energy efficiency,
making them ideal for deploying Al at scale in datacenters and edge
devices. Their ability to efficiently handle diverse workloads, from
preprocessing to inference, makes CPUs essential for real-world Al
deployments where flexibility and cost-effectiveness are paramount.

— GPUs excel at parallel processing. Their ability to handle matrix
operations efficiently make them indispensable for training deep learning
models. Today, Al companies are massively deploying GPUs to enable

the provision of their products or services at scale.
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— NPUs are purpose-built processors designed specifically for
accelerating neural network computations. By incorporating dedicated
circuitry for common Al operations like convolutions and matrix
multiplication, NPUs achieve high performance per watt for both training
and inference tasks. Their architecture makes them particularly effective
for specialized edge Al applications where power constraints are critical,
enabling sophisticated Al capabilities in mobile devices, loT sensors, and
other resource-constrained environments.

— TPUs are optimized for tensor-based operations, which provide high
throughput for large-scale deep-learning tasks. While GPUs are versatile
across various applications, TPUs tend to specialize in accelerating

neural network computations.

Al-optimized hardware solutions are significantly reducing training and

inferencing times and computational costs for complex Al models.

2.2.3 Trends in Al Systems and Architectures

Some of the most prominent Al systems trends and their Al hardware

implications include:

— Integration with machine learning frameworks: Nowadays, distributed
computing platforms (e.g., Apache Spark or Hadoop) are increasingly
integrated with frameworks such as TensorFlow and PyTorch. This
combination enhances scalability while simplifying model deployment
across distributed environments.

— Modular datacenters: Modular designs allow datacenters to scale
incrementally by adding or replacing components as needed. This
approach caters to increased scalability and sustainability, as it reduces
both energy consumption and construction costs.

— Distributed training of Al models: Distributed training techniques take
advantage of multiple computing nodes to enable faster model training.

This is particularly beneficial for large-scale transformer models like GPT
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(Generative Pre-training Transformer) or BERT (Bidirectional Encoder

Representations from Transformers).

— Federated learning: Federated learning allows decentralized devices to

collaboratively train global, more accurate models without sharing raw
data. This approach enhances privacy while reducing bandwidth usage.
Fine-tuning: Fine-tuning adapts a pre-trained model to perform
specialized tasks with greater accuracy. Instead of training a model from
scratch, fine-tuning leverages the knowledge embedded in a pre-trained
model, such as GPT or BERT, and refines it using task-specific data. This
approach reduces computational costs and training time while improving
performance on domain-specific tasks. Fine-tuning can range from fulll
optimization of all model layers to partial fine-tuning, where only specific
layers or parameters are updated. It is already widely used for tasks such
as customizing conversational tones in chatbots, enhancing domain-
specific knowledge in legal or medical applications, and addressing
edge cases not covered during pre-training.

Retrieval-Augmented Generation (RAG): RAG enhances the capabilities
of generative models by integrating real-time information retrieval.

Unlike traditional large language models (LLMs) that rely solely on static
training data, RAG incorporates external data sources (e.g., databases,
APIs, document repositories) into its responses. This dynamic retrieval
process allows RAG systems to provide more accurate, context-aware,
and up-to-date outputs. The process involves indexing relevant data

iNto vector databases, retrieving pertinent information based on user
queries, augmenting the input with this data, and generating responses
that combine both retrieved and pre-trained knowledge. RAG is already
used in humerous applications, including advanced gquestion-answering
systems, content summarization, conversational agents, and personalized
educational tools. Emerging trends in RAG include hybrid search
techniques that combine structured and unstructured data retrieval,
multimodal RAG for integrating text with images or audio, and on-device

RAG for enhanced privacy and reduced latency.
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RAG demands efficient data processing and inference based on the
following key hardware components: (i) CPUs (e.g., multi-core processors
like Intel Xeon or AMD EPYC) for managing data ingestion, preprocessing,
and vector search operations; (i) GPUs for embedding generation and
LLM inference. These help ensure high throughput and low latency during
real-time retrieval and response generation; (i) Random Access Memory
(RAM) (e.g., 64GB or more) to properly handle embeddings and vector
databases; (iv) Fast NVMe SSDs for storing large datasets and vector
indices in ways that help ensure quick access during retrieval steps;

(v) Scalability solutions such as cloud-based solutions that can offload
storage and search workloads in order to reduce the need for extensive
on-premises hardware while maintaining scalability.

Agentic Al: Agentic Al refers to Al systems designed to operate
autonomously while exhibiting decision-making capabilities similar to
human agents. These systems go beyond passive data processing

to actively interact with their environment, adapt based on feedback,
and pursue goals independently. Agentic Al incorporates elements

like reinforcement learning and multi-agent collaboration to optimize

its performance in dynamic settings. For instance, agentic Al systems
can autonomously navigate supply chain logistics or manage financial
portfolios based on real-time data. Agentic Al is closely tied to
advancements in areas like reinforcement, fine-tuning and adaptive
learning. These techniques enable Al agents to refine their decision-
mMaking processes over time while maintaining alignment with predefined
objectives. Agentic Al systems are complex as they involve autonomous
decision-making, learning, and action modules. Their hardware demands
are driven by the need to process multimodal data, execute actions in

real time, and adapt dynamically.

These hardware requirements include:

— (i) High-performance CPUs (e.g, Intel Xeon or AMD Zen 4) paired
with GPUs like NVIDIA A100 or H100 in order to support the perception
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module (e.g., computer vision) and decision-making engines that rely
on reinforcement learning;

(i) Large memory capacities (128GB RAM or more) are needed

to manage simultaneous tasks across multiple agents in a modular
architecture;

(i) NVMe SSDs ensure fast access to knowledge graphs, training
datasets, and historical data used by cognitive modules;

(iv) Networking & Power as distributed Agentic Al systems require
robust networking infrastructure to facilitate commmunication between
agents. Power-efficient designs are, therefore, critical to supporting

long-term operations in autonomous environments.

2.3 POWER AND PERFORMANCE SOLUTIONS

2.31 Computational Demands

Large-scale Al models, such as large language models (LLMs) and
generative Al systems, are growing exponentially in size and complexity.
These models consist of hundreds of billions or even trillions of parameters,
requiring large amounts of computational resources for efficient training

and deployment.

Modern Al infrastructures typically employ a heterogeneous computing
approach that leverages different processor types for different tasks. The
foundation often begins with high-performance CPUs, which provide

the versatile computing capabilities needed for data preprocessing,
inference, and orchestrating complex Al workloads. Energy-efficient CPU
architectures have proven particularly valuable for inference at scale, where

power efficiency and consistent performance are crucial.

For training-intensive workloads, organizations often augment their CPU
infrastructure with specialized hardware accelerators. GPUs excel at the

parallel processing needed for model training, while NPUs offer optimized
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performance for specific Al operations. This combination of general-purpose
processors and specialized accelerators helps organizations balance

performance, efficiency, and cost-effectiveness across their Al workflows.

The sheer scale of computational requirements continues to push the
limits of existing infrastructures. Training state of the art LLMs like GPT-4 or
Meta Llama 3 involves processing vast datasets using high-performance
computing (HPC) setups that typically combine multiple types of
processors working in concert. In this context, distributed computing
frameworks and advanced hardware architectures that can effectively
coordinate these various processing elements are required to meet these

growing demands.

2.3.2 Computational Demands for Training and Inferencing
Al models have considerable computational demands at both their
training and inferencing stages. These demands are significant given
the complexity of models, the size of datasets, and the need for real-
time performance. The hardware options previously presented play

a considerable role in meeting these demands, providing specialized

components optimized for different stages of Al workflows.

Hardware Support for Al Training

Training Al models is highly resource-intensive. It involves massive floating-

point operations (FLOPs). For instance, training LLMs like GPT-4 requires

tens of thousands of GPUs and consumes tens of gigawatt-hours of

energy. Key factors influencing computational demand include:

— Model complexity, as larger models with billions or trillions of
parameters require more compute power.

— Dataset size, as larger datasets increase training time and resource needs.

— Parallel processing, given that the efficient use of multiple processors is

important when it comes to handling large-scale computations.

33



CHAPTER 2

In this context, modern hardware for training Al includes:

— GPUs like the NVIDIA A100 or NVIDIA GeForce RTX™ 4090 are widely
used due to their high parallel processing capabilities and ability to
deliver trilions of operations per second (TOPS).

— Google’s TPUs are optimized for deep learning tasks while offering high
performance in datacenters.

— ASICs (Application-Specific Integrated Circuits), i.e., custom chips
designed for specific Al tasks that provide energy efficiency and speed.

— GPUs with high memory bandwidth (e.g., 2566 GB/s or more) are also

used to help ensure efficient data transfer during training.

Hardware Support for Al Inferencing

Inferencing involves the application of trained models to new data in order

to make predictions or decisions. While less computationally intense than

training, they demand low latency and high throughput. The latter are very

important in cases of real-time applications like autonomous vehicles or

healthcare diagnostics. In this context, inferencing hardware focuses on

speed and efficiency, including:

— Compact and power-efficient devices like NVIDIA Jetson Nano™ enable
real-time inferencing at the edge.

— NPUs are typically specialized for inferencing tasks and can balance
performance with energy efficiency.

— FPGAs (Field-Programsnmalble Gate Arrays) offer flexible and efficient
solutions for specific workloads yet are less powerful than GPUs.

— ASICs are also optimized for specific inference tasks in ways that offer

low power consumption and high speeds.

There are also a variety of optimization techniques that are aimed to
enhance inferencing performance, including:
— Quantization, which involves reducing model precision (e.g., from 32-bit

to 8-bit) in order to improve speed and reduce memory usage.
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— Pruning, which involves removing redundant model parameters to lower
computational complexity without sacrificing accuracy.
— Batching, which processes multiple inputs simultaneously towards

maximum GPU utilization.

The future of Al training and inferencing will be shaped by emerging trends

in hardware development, including:

— Distributed computing, as inferencing is increasingly moving toward
distributed systems to handle growing demands.

— Energy efficiency, given that advances in memory architectures and
specialized chips aim to reduce energy consumption during both training
and inferencing.

— Real-time applications based on edge computing which is becoming

important for applications that require immediate responses (e.g.,

autonomous driving).

2.3.3 Energy Efficiency

Al workloads are notoriously energy-intensive, leveraging datacenters that
consume significant power for computation and cooling. It is estimated
that Al workloads account for 10-20 percent of total electricity usage

in datacenters. This demand raises sustainability concerns due to the
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associated carbon emissions. Overall, the main Al-related energy efficiency
challenges are:
— Datacenter power consumption: The electricity required to train large
Al models can be staggering. For instance, training a single LLM can
consume energy equivalent to powering hundreds of homes for a year.
To make matters worse, cooling systems are also highly energy-intensive.
— Carbon footprint: The environmental impact of Al is substantial and
represents one of the main setbacks to its wider adoption. In particular,

according to the International Energy Agency, modern datacenters

contribute approximately 1 percent of global greenhouse gas emissions.

To address these power consumption challenges, Al vendors and
integrators leverage the following solutions:
— Energy-efficient chips: Recent innovations in chip design are

mitigating energy efficiency challenges. For example, the low-power

Arm architecture optimizes performance per watt by minimizing energy

consumption without sacrificing computational capability.

— Sustainable datacenters: Modular datacenters powered by renewable
energy sources are emerging as a solution to reduce the carbon
footprint of Al infrastructures. Furthermore, the use of advanced cooling
technologies and virtualization techniques also improves operational

efficiency.

2.34 Latency Sensitivity

Latency is another critical factor in Al applications, especially for the class

of Al applications that incorporate real-time decision-making, such as
autonomous vehicles, healthcare monitoring, and industrial automation
applications. For instance, autonomous vehicles must process sensor data
in milliseconds to make driving decisions, while wearable healthcare devices

need low latency to monitor vital signs and alert users in near real-time.
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To address latency challenges, Al vendors and integrators are employing
local data processing at the edge of the Al deployment. Edge computing
processes data closer to its source, which reduces round-trip times and
improves responsiveness. The proliferation of Al applications with real-time
constraints has given rise to the edge Al paradigm, which deploys powerful
Al algorithms (e.g., deep neural networks) on edge devices like gateways or
edge servers. One of the most prominent edge Al approaches is the TinyML
paradigm, which deploys smaller Al models on ultra-low-power devices
like microcontrollers towards enabling lightweight machine learning tasks
with minimal latency. Edge Al systems commonly integrate hardware-level
optimizations, which leverage advancements in memory bandwidth and
dedicated Al accelerators to help minimize latency during Al computations.
Apart from boosting real-time responsiveness, edge Al systems enhance
privacy and improve bandwidth efficiency, as significantly less data is

transmitted over the networking part of the Al infrastructure.

2.4 INFRASTRUCTURE SCALING REQUIREMENTS

2.41 Scalability Needs

Al infrastructures must scale in a cost-effective fashion in order to cope
with growing data volumes and the increasing complexity of Al models.
Large-scale Al workloads, such as training large language models (LLMs)
and real-time inference systems, demand immense computational power
and efficient resources. The exponential increase in data and compute
demands leads to bottlenecks arising in storage, processing speed, and
network bandwidth. Moreover, maintaining system performance while
scaling infrastructure can be costly and operationally complex. To the
rescue, distributed computing offers a scalable approach by dividing
workloads across multiple nodes or machines. Parallel processing is also
key for handling large-scale Al tasks more efficiently. In this direction, open-
source platforms like Kubernetes enable the orchestration of distributed

resources toward optimizing training times and inference processes.

37



CHAPTER 2

242 Cost Management

Balancing performance with cost-effectiveness is another consideration
when it comes to scaling Al infrastructures. Modern enterprises must
navigate trade-offs between cloud-based elasticity and on-premises
control to optimize resource utilization. Cloud computing provides dynamic
scalability, which allows organizations to adjust resources based on
workload demands without significant upfront investment. However, this
flexibility comes at the cost of reduced control over infrastructure and
potential long-term expenses for high usage. On the other hand, on-
premises solutions offer greater control and customization but require

substantial capital investments and ongoing maintenance costs.

At the same time, resource pooling is an effective strategy for optimizing
computing utilization. Based on the aggregation of resources across
multiple users or regions, organizations can maximize efficiency while
minimizing idle time. For example, pooling workloads with non-overlapping
peak demands allows for better utilization of shared resources. This
approach reduces the need for over-provisioning while ensuring

computational capacity during peak periods.

2.4.3 Modular Approaches

Modern modular infrastructure designs provide flexible solutions for scaling
Al systems in an incremental fashion without requiring complete overhauls.
Specifically, modular datacenters allow organizations to add or upgrade
components as needed, enabling incremental scaling to meet growing
demands. Modular datacenters are particularly valuable for edge computing

environments where there are considerable space and power constraints.
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2.5 EMERGING TRENDS IN Al INFRASTRUCTURE

251 Sustainability Initiatives: Shift Towards Greener Technologies
In an era where environmental performance and sustainability are at the
very top of the political and enterprise agendas, there is a shift towards
greener technologies to reduce the carbon footprint associated with Al
infrastructure. This shift is powered by the following trends:

— Renewable energy sources and green datacentres: Al datacenters are
transitioning to renewable energy sources such as solar and wind power.
This shift not only reduces greenhouse gas emissions but also aligns
with global sustainability goals. Companies like Google and Microsoft
have committed to running their datacenters on 100% renewable energy,
which set the bar high for other infrastructure providers in the industry.

Moreover, Google has recently partnered with Kairos Power to deploy

compact nuclear reactors for its Al-driven data centers. At the same

time, Microsoft is funding the restart of a mothballed reactor at Three Mile

Island to supply power for its operations by 2028.

— Energy-efficient chips: As already outlined, chip design innovations
contribute to reducing energy consumption. Arm, for example, has
developed low-power architectures that optimize performance per
watt. These chips are designed to handle complex Al tasks while
consuming less energy, which makes them ideal for both datacenters

and edge devices.

2.5.2 Infrastructure Management Automation

Automation is becoming increasingly important in managing Al
infrastructures. Generative Al (GenAl) tools have recently had a prominent
role in realizing this automation. These tools enhance resource provisioning,
workload optimization, and scaling decisions, which improve operational
efficiency automation. More specifically, during the last couple of years,
GenAl technologies have revolutionized resource allocation through auto-

scaling features. Tools like K8sGPT enable GenAl-powered resource
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management that adjusts resource provisioning dynamically based on
real-time workload requirements. This helps to ensure that computational
resources are allocated efficiently during peak usage while scaling down
during low-demand periods. This level of automation reduces the need for
manual intervention, which allows IT teams to focus on strategic initiatives
rather than routine maintenance tasks. Overall, automation reduces

operational costs without compromising performance.

Conclusion

As Al applications grow in size and complexity, there is a clear need

for evolving the Al technology infrastructures. For over two decades,

we have withessed significant improvements in different aspects of Al
infrastructures, including hardware, software, and architecture-related
aspects. For instance, the transition from monolithic single-tier systems

to distributed, multi-tier, and hybrid architectures has played an important
role in addressing the scalability, adaptability, and performance challenges
of Al systems. Nowadays, modern architectures integrate cutting-edge
technologies such as CPUs, GPUs, TPUs, and microservices-based

designs to enhance computational efficiency and flexibility.

Key infrastructure-related challenges such as balancing power-performance
trade-offs, managing large-scale data processing, and minimizing latency
have been effectively addressed through innovations in hardware and
infrastructure design. In recent years, edge-cloud computing paradigms
have emerged as a cornerstone for achieving low-latency processing while
maintaining scalability and privacy. Furthermore, sustainability has taken
center stage based on initiatives that reduce the environmental impact of Al
operations. Prominent examples of such initiatives include renewable energy-

powered datacenters and energy-efficient chip designs.

Moreover, the latest advances in automation are transforming the

infrastructure management landscape. In the coming years, GenAl tools
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that dynamically optimize resource allocation are expected to reduce
operational costs while maintaining peak performance. Also, modular
approaches to scaling infrastructure will provide flexibility for incremental

growth without overhauling existing systems.

The above-listed advancements will enable businesses to overcome
technical barriers and unlock the full potential of Al-driven solutions.
Companies like Arm are playing a significant role in this transformation
through innovative chip designs and ecosystem partnerships that address
energy efficiency and computational demands. The current state and
outlook of the Al technology infrastructure indicate that the future of Al will
include not only technological breakthroughs but also a more efficient and

environmentally responsible digital ecosystem.

41



ARM SIDEBAR

Al Everywhere: Arm’s Vision
for the Future of Compute

By Kevork Kechichian, EVP, Solutions Engineering, Arm

Avrtificial intelligence (Al) is reshaping computing, influencing everything
from cloud-scale processing to real-time inference on personal devices.
As Al adoption accelerates, the demand for high-performance, scalable,
and energy-efficient compute platforms continues to grow. The challenge
lies in enabling Al across a diverse range of environments—from cloud
datacenters to power-constrained edge devices—without compromising

efficiency or security.

The Armm compute platform plays a critical role in this transformation,
providing the architectural foundation for Al workloads across industries.
By enabling Al to run efficiently on CPUs, GPUs, and NPUs, Arm supports
an ecosystem where Al can be deployed at scale. The approach is built
on three fundamental pillars: accelerating Al from cloud to edge, delivering

energy-efficient Al inference, and ensuring security and trust in Al workloads.
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Accelerated Al Everywhere #onArm From
Cloud to Edge

Al workloads span a vast spectrum of compute environments, ranging
from cloud-based model training to on-device inference. The ability to run
Al efficiently across this continuum is crucial for scaling Al applications
and ensuring real-time performance. The Arm compute architecture is
designed to support Al workloads at every level, enabling accelerated Al

from cloud to edge.

In cloud environments, Arm-powered solutions (Nasdag:ARM) provide
scalable Al compute, helping datacenters optimize performance while
mMaintaining energy efficiency. Arm CPUs are increasingly being adopted
in cloud instances for Al inference, as they deliver high computational
throughput at lower power consumption compared to traditional
architectures. As Al models grow in complexity, cloud providers require
efficient compute platforms that can handle large-scale workloads while

mManaging operational costs.

Beyond the cloud, Al inference is rapidly shifting toward the edge, driven
by the need for low-latency processing and enhanced privacy. Running

Al on-device—whether on smartphones, industrial sensors, or embedded
systems—reduces dependency on cloud resources and enables real-time
decision-making. The Arm processor architecture facilitates this shift by
providing a flexible foundation that supports diverse Al workloads, ensuring

optimal performance across different hardware configurations.

The Armv9 architecture introduces key enhancements for Al acceleration,

including Scalable Vector Extensions (SVE), which improve Al compute
efficiency, and the Compute Matrix Engine (CME), which enhances vector

processing capabilities. Additionally, Arm’s heterogeneous computing
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approach allows CPUs to work alongside GPUs and NPUs, providing a

balanced Al execution framework tailored to specific workload demands.

As Al continues to scale, the ability to run workloads seamlessly from cloud
to edge will become increasingly important. The Arm compute platform
helps ensure that Al applications can be deployed across a broad range of

devices while maintaining efficiency, flexibility, and scalability.

The Energy-Efficient Pervasive Compute
Platform to Power GenAl

The exponential growth of Al workloads has raised concerns about

power consumption and sustainability. Training large Al models requires
significant computational resources, while Al inference at scale demands
efficient processing to avoid excessive energy usage. The Arm compute
architecture is designed to address this challenge, enabling Al workloads to

run with high efficiency without compromising performance.

The power-efficient design philosophy of Arm is rooted in decades of
innovation. The Armv9 architecture integrates advanced features that
optimize Al compute while minimizing energy consumption. Technologies
such as Helium for machine learning acceleration in IoT devices and SVE
for improved Al inference performance allow Al applications to run with
reduced power overhead. These innovations ensure that Al workloads can
scale efficiently, whether in datacenters, edge devices, or battery-operated

consumer electronics.

One of the key advantages of Arm-based solutions is their ability to provide
high-performance Al inference while maintaining low power requirements.
In the mobile industry, for example, over 70 percent of Al workloads in

third-party applications already run on Arm CPUs. This trend is expanding
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into PCs, industrial automation, and autonomous systems, where Al-driven

applications require continuous processing within strict power constraints.

Sustainability is becoming a central focus in Al deployment, particularly

in large-scale cloud operations. Al workloads contribute to increasing
power demands in datacenters. By leveraging Arm-based compute
platforms, cloud providers can optimize energy efficiency, reducing power

consumption while maintaining high compute performance.

The Developer-Trusted Platform for Running
Al Workloads Everywhere

As Al adoption grows, security has become a critical factor in ensuring
trust and reliability in Al workloads. Al models process vast amounts of
data, often handling sensitive or proprietary information, making protection

against security threats, data breaches, and unauthorized access essential.

Arm takes a security-first approach, integrating robust security features
into its compute architectures to provide a trusted foundation for Al
deployment across industries. The Armv9 architecture introduces Arm

Confidential Compute Architecture (CCA) and Realm Management

Extension (RME), ensuring that silicon protects Al data and code wherever

computing happens. These security enhancements are crucial as Al
inference shifts from cloud to edge, requiring devices to process sensitive

data locally without exposing it to external threats.

By integrating hardware-based security features, the Arm architecture
enables privacy-preserving Al, safeguarding data at rest and in transit.
This is especially relevant in sectors such as healthcare, finance, and
autonomous systems, where Al models handle confidential information.

Additionally, in cloud environments, the Arm security framework provides
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hardware-enforced protections that mitigate risks associated with multi-

tenant infrastructures and prevent unauthorized model access.

As Al continues to scale, security must remain at the core of compute
design. By embedding security at the architectural level, Arm ensures that Al
applications operate in a trusted, resilient, and privacy-focused environment,

empowering organizations to deploy Al workloads with confidence.
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Case studies

Streamlining ADAS Integration
for Safer, Smarter Vehicles with

LeddarTech

CHAPTER 8

INTRODUCTION

As the automotive industry undergoes rapid transformation, vehicle OEMs
face mounting pressure to accelerate development cycles and integrate
advanced safety technologies like advanced driver-assistance aystems
(ADAS). In the US. alone, ADAS is estimated to prevent up to 62% of total

traffic deaths annually.

ADAS technologies rely on various sensing systems, such as cameras,
LIDAR, radar, and ultrasonic sensors, combined with Al-driven algorithms
to help detect potential hazards, assist drivers, and even take corrective
action autonomously. These systems are essential for creating safer roads

and reducing human error behind the wheel.
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THE CHALLENGE

Despite the proven benefits of ADAS, OEMs and Tier 1 suppliers face several
barriers to seamless integration. ADAS platforms must be compatible with
a wide range of electronic control units (ECUs) and configurations from
legacy vehicle development, requiring scalable solutions that work across
both high-end and mass-market vehicles. Moreover, integrating ADAS into
existing vehicle architectures demands complex software coordination

capable of processing vast sensor inputs in real time.
In addition to hardware and software complexities, OEMs must comply
with different global standards and regulations for ADAS implementation.

Each region imposes varying requirements for compliance, making it

challenging to ensure consistent safety and performance worldwide.

THE SOLUTION

To simplify ADAS adoption and improve efficiency, LeddarTech and Arm

collaborated to optimize LeddarVision™, an Al-driven sensor fusion and

perception software stack. This solution enables vehicles to create an
accurate 3D environmental model using advanced Al and computer vision

algorithms.

LeddarVision is built on Arm-based automotive platforms, which offer

a standardized ADAS software framework that can be adapted across
multiple platforms without extensive customization. This unified architecture
integrates Arm advanced CPUs and accelerators to deliver optimized
performance, while minimizing computational bottlenecks to result in

improved system efficiency.

One of the key performance-enhancing features of LeddarVision is the

use of Arm Cortex-A720AE CPUs, which provide a significant boost in
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processing power for critical sensor fusion algorithms. This improvement
reduces perception latency, enhancing the responsiveness of ADAS
features and overall vehicle safety.

By leveraging the Arm pre-silicon port in the Armv9 architecture,
LeddarTech is able to prototype and validate software enhancements
before hardware deployment. This approach helps accelerate development
cycles and ensure compatibility with future hardware advances, providing

OEMs with an accelerated path to market.

THE RESULT

LeddarVision, running on Arm-powered next-generation ECUs, delivers a
range of benefits to OEMs and Tier 1 suppliers. The optimized software stack
helps reduce CPU utilization, minimizing the need for high-power systems-
on-chip (SoCs) while ensuring reliable ADAS performance. This improved
computational efficiency leads to accelerated reaction times and reduced

end-to-end latency, resulting in safer, more responsive ADAS functionality.

The standardized ADAS architecture simplifies the integration process
across different vehicle models, helping to reduce complexity and lower
development costs. In addition, LeddarVision undergoes rigorous real-
world testing to ensure that its Al-driven perception models perform

reliably in dynamic driving conditions.

By optimizing LeddarVision with Arm-based platforms, LeddarTech and
Arm are setting a new standard for intelligent mobility. This collaboration
helps to enable accelerated ADAS adoption, improved system efficiency,
and enhanced vehicle safety, shaping the future of advanced automotive

technology.
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The First Autonomous Beehive:
How Beewise is Revolutionizing
Beekeeping with Al

CHAPTER 8

INTRODUCTION

Bee populations are declining at an alarming rate, with 35% of bees dying
annually due to climate change, pesticide exposure, and disease. Since
bees pollinate one-third of the global food supply, their decline poses a

major risk to agriculture and biodiversity.

Traditional beekeeping relies on manual inspections and wooden hives,
making it slow, labor-intensive, and ineffective against modern threats.

Beewise has developed Beehomes, the world’s first Al-powered, robotic

beehive that automates hive management and helps reduce bee mortality

rates by 85%.

THE CHALLENGE

For centuries, beekeepers have used the same manual methods to
manage their hives. They physically inspect colonies to check for diseases,
pests, and environmental damage, but these visits happen only every few

weeks. By the time an issue is detected, a colony may already be collapsing.

One of the biggest threats to honeybees is the Varroa mite, a deadly
parasite that spreads viruses and weakens entire hives. Without early

detection and treatment, an infestation can wipe out a colony within
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weeks. Additionally, climate change has led to more extreme weather
conditions, including rising temperatures and sudden cold snaps, further

destabilizing bee populations.

Beekeepers also face economic and labor challenges. The manual nature
of beekeeping is time-consuming, requiring significant resources and
expertise. Honey harvesting disrupts bee colonies, affecting productivity
and overall hive stability. A scalable, automated solution is needed to

protect bees, reduce human intervention, and optimize hive management.

THE SOLUTION

Beewise’'s Beehomes are Al-driven, solar-powered hives that monitor,
regulate, and protect bee colonies 24/7. Unlike traditional wooden hives,
Beehomes use robotics, machine learning, and computer vision to provide

real-time hive insights and automate critical processes.

These intelligent hives track temperature, humidity, and colony activity,
automatically adjusting conditions for hive stability. The system detects early
signs of disease and removes Varroa mites before infestations escalate. By
using precision robotics, Beehomes automate honey harvesting, allowing for

minimal disruption to the bees while maximizing production.

At the core of Beehomes is an Arm-based CPU, which enables real-time
automation and Al-driven decision-making. NVIDIA Jetson processors
analyze hive data, while Raspberry Pi modules provide cloud connectivity,
allowing beekeepers to monitor their hives remotely. Solar-powered
operation helps ensure that the system remains completely self-sufficient,

reducing reliance on external energy sources.

Beehomes replace guesswork with data-driven precision, giving

130



beekeepers an advanced tool to manage their colonies effectively, while

requiring far less manual intervention.

THE RESULT

Since Beehomes were introduced, beekeepers have seen an 85%
reduction in bee mortality rates, a game-changing improvement for
colony survival. Healthier bees have led to higher honey yields, increasing

productivity while maintaining hive stability.

By eliminating unnecessary manual interventions, Beewise has cut labor
costs and made beekeeping more scalable and efficient. The ability to
detect and address threats in real time has prevented colony collapses

that would have been unavoidable under traditional methods.

Beehomes are also proving to be a sustainable solution for large-scale
beekeeping operations. With their solar-powered design and energy-
efficient architecture, they align with eco-friendly practices, while helping
to ensure long-term hive stability. Beekeepers can now manage multiple
hives remotely, freeing up time to focus on expansion rather than crisis

management.

By merging Al, robotics, and automation, Beewise is helping to secure the
future of beekeeping and global food production. As pollinators continue to
face threats, Beewise innovation helps ensure that bees can thrive. Saving

bees means saving ecosystems, agriculture, and the planet.
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Accessible Computing Platform
For Everyone: The Evolution of
Raspberry Pi

INTRODUCTION

Fifteen years ago, the Raspberry Pi Foundation was established with a
mission to democratize computing for young people. Founded by Eben
Upton, the initiative aimed to create an affordable and accessible computing
platform to empower students and makers worldwide. What began as an
educational project soon evolved into a powerful computing tool, extending

far beyond classrooms into industrial and embedded applications.

Today, Raspberry Piis a critical platform in the industrial and embedded

electronics sector, serving a diverse range of users across industries.

THE CHALLENGE

In the past, the computing industry struggled with accessibility and
affordability. Traditional hardware solutions were expensive, proprietary, and
primarily designed for large-scale enterprises, leaving students, hobbyists,
and smalll businesses without viable options. The absence of an affordable,
flexible computing platform stifled innovation, restricting opportunities for
learning, experimentation, and custom development. At the same time,
industries seeking embedded computing solutions needed compact,
power-efficient, and scalable alternatives to costly proprietary systems.

The market lacked a truly accessible and adaptable computing solution
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that could serve as a versatile computing platform for education, hobbyists,

and industry alike.

THE SOLUTION

Raspberry Pi, a compact, flexible, and cost-effective computing platform,
emerged as the solution to this accessibility gap. Originally developed to
support education, it quickly found adoption in industrial and embedded
applications. Today, companies worldwide integrate Raspberry Piinto a
variety of applications, including factory automation, smart manufacturing,
medical devices, loT systems, and autonomous monitoring solutions,
leveraging its compact form factor, power efficiency, and adaptability to

diverse computing needs.

A major enabler of Raspberry Pi's success is its partnership with Arm,

which has played a massive role in delivering performance, energy
efficiency, and scalability. From the Arm11 family of processors in the original
Raspberry Pi to the Arm Cortex-A7/6, a high-performance processor
optimized for modern computing tasks in Raspberry Pi b, this collaboration
has enabled Raspberry Pi to continuously advance in power and capability.
The integration of Arm technology has ensured continuous innovation,
making Raspberry Pi an essential platform for educators, developers, and

businesses alike.

“Arm’s technology allows us to offer cutting-edge Al capabilities in a way

that’s accessible to everyone” —Eben Upton, CEQ, Raspberry Pi Foundation

Beyond education, companies worldwide integrate Raspberry Pi hardware
into embedded products, industrial systems, and loT solutions, leveraging
its power, flexibility, and affordability. This synergy between Raspberry Pi

and Arm continues to push the boundaries of accessible computing.
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THE RESULT

Raspberry Pi has completely revolutionized computing accessibility,
becoming a key player in industrial automation, Al development, and
real-world problem-solving. Developers and engineers worldwide rely

on Raspberry Pi to build autonomous systems, Al-driven analytics, edge
computing frameworks, and connected devices. Its affordability has
empowered researchers, small businesses, and students to experiment
with robotics, environmental monitoring, and smart home solutions, proving

that cost-effective computing can be powerful and scalable.

The partnership with Arm continues to drive Raspberry Pi's innovation,
enabling it to deliver high-performance, low-power computing across
industries. From supporting machine learning and Al deployments to
fueling next-generation industrial control systems, Raspberry Pi remains
a pioneer in advancing digital transformation. With its commitment

to providing flexible, powerful computing platforms, the Raspberry Pi
Foundation is shaping the future of embedded computing, helping to

ensure technology remains accessible to all.
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SpaceTech Smart City
Infrastructure Powered by
Arm’s Edge Al

INTRODUCTION

The future of urban living depends on intelligent, data-driven solutions that

help enhance safety, sustainability, and efficiency in real time.

SpaceTech, a subsidiary of China Vanke Co, Ltd,, is a leading smart city
solutions provider that manages more than 8 million residential units

and 2,000 commercial buildings, integrating technologies to optimize

urban living spaces. To streamline operations and improve the resident

experience, Spacelech has integrated Arm-based computing solutions

into its infrastructure, enabling real-time decision making, automated

building management, and energy efficiency enhancements.

THE CHALLENGE

With a vast portfolio that spans over 1 billion square meters, Spacelech

faced several key challenges in managing smart urban environments.

One of the major concerns was waste management, where inefficient
manual oversight led to delays in service. Al-driven categorization and
automated service requests were required to streamline operations.
Another challenge lay in legacy building systems, where disparate devices,

such as lighting, HVAC, and access control, operated in isolation. The lack
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of interoperability between devices from different manufacturers created

inefficiencies, making centralized management difficult.

Additionally, the growing volume of data traffic from smart devices
demanded a high-performance, power-efficient solution to process Al

workloads at the edge, while keeping energy consumption low.

THE SOLUTION

To address these challenges, Spacelech partnered with Ampere
Computing to transition from x86 edge servers to Arm-based Ampere Altra
servers. This move provided significant advantages, including 2.5 times
improved performance per rack, 2.8 times lower power consumption, and a

3 times smaller footprint, aligning with SpaceTech’s sustainability goals.

A proof of concept demonstrated the efficiency of the Alibaba Qwen-VL
Vision Language Model (VLM) on Ampere Arm-based servers, showing

significant energy savings without compromising Al capabilities. Ampere
also provided dedicated Al libraries with optimized quantization methods,

improving performance by up to 2 times, while maintaining model accuracy.

In smart waste management, Al-driven categorization now automatically

detects full bins and generates service tickets.

In building automation, real-time Al analytics integrate various systems,
allowing lighting, HVAC, and security to function as a unified network.
Motion sensors detect room occupancy, adjusting energy use dynamically,
while surveillance Al enhances safety by monitoring elevators, preventing

unauthorized scooter use, and managing cleanliness in public areas.
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THE RESULT

The transition to Arm-powered edge Al servers has enabled SpaceTech
to create a scalable, high-efficiency smart city infrastructure. The
implementation of intelligent automation has led to a significant reduction

in energy consumption, while improving security and operational efficiency.

With Arm-based edge computing, SpaceTech has streamlined multiple
building systems, running various applications in virtual containers on
edge server clusters. This unified data-lake approach has eliminated
inefficiencies, allowing seamless integration across lighting, HVAC, air

quality, and access control systems.

Additionally, the edge cloud-native platform developed by SpaceTech
helps ensure that every device—from cameras to sensors to gateways—
functions as a micro-cloud, enabling real-time Al decision making, while
reducing power and cooling demands. The adoption of Arm-powered
solutions positions SpaceTlech to lead the smart city revolution, setting new

benchmarks for intelligent urban management.

By embracing Arm technology and Ampere Arm-based edge servers,
SpaceTech is redefining urban property management with scalability, Al-
powered efficiency, and sustainability, offering a model for the future of

connected smart cities worldwide.
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Survey methodology

METHOD

Arm conducted this research using an online survey prepared by Method

Research and distributed by RepData and iTracks among n=655 adults (age

18+) who are business leaders across various industries. All respondents are
fromm companies with more than 1,000 employees and influence purchase
decision-making within their organizations. The sample was from the
following countries: US,, UK., Germany, France, Hungary, China, Taiwan and

Japan. Data was collected from January 16 to February 5, 2025.

Research led by Svetlana Gershman, Vice President and the head of
Method Communications’ specialized marketing research division, and

Fatima Aslam, Research Analyst at Method Communications.

SAMPLE DEMOGRAPHIC

COUNTRY
US - 16%

UK - 15%
China - 15%
France - 8%
Germany - 8%
Japan - 16%

Taiwan - 15%
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AGE

Gen Z (18-27) - 13%
Millennial (28-43) - 43 %
Gen X (44-59) - 35%
Boomer (60-78) - 10%
GENDER

Man - 60%

Woman - 40%

DEPARTMENT

Finance -13%
Marketing/Sales - 14%
Accounting- 10%
Operations- 12%

Human Resources- 14%
Information Technology- 24%

Legal services - 13%

FUNCTIONAL ROLE
C-level executive- 17%
Vice President - 13%
Director - 36%
Manager - 34%

COMPANY SIZE
SMB - 44%

Mid Market - 28%
Enterprise - 28%
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COMPANY ANNUAL REVENUE (US)
Less than $1 Million - 9%

S1 million - under $40 Million - 20%

S40 million - $1 billion - 37%

More than $1 billion - 24%

Prefer not to say - 12%

INDUSTRY

Financial Services - 18%
Manufacturing - 19%
Healthcare - 4%

Retail - 9%

Technology - 17%
Energy - 4%

Other - 29%
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About Wevolver

Wevolver is a global platform and community that provides engineers with

the knowledge and connections to develop better technology.

We bring a professional audience of engineers informative and inspiring
content, such as articles, videos, podcasts, and reports, about state-of-

the-art technologies.

The knowledge on Wevolver is published by various sources: universities,
tech companies, and individual community members. Next to that, we
manage a network of over 50 technical writers who create content for our

customers and publish that on Wevolvercom

Millions of engineers leverage Wevolver to stay up to date, find knowledge
when they are developing products, and leverage the platform to make

meaningful connections.
Wevolver has won the SXSW Innovation Award, the Accenture Innovation
Award, and the Top Most Innovative Web Platforms by Fast Company.

Wevolver is how today’s engineers stay cutting edge.
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