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1. Introduction 

Purpose and scope of the report 

The purpose of the “Futures of AI: Implications Europe’s R&I Ecosystem and EU Policy” study 
(the Study), which is requested under the ‘Foresight on Demand’ (FOD) framework contract, is 
to explore plausible futures for global Artificial Intelligence (AI) developments in Europe’s indus-
try and R&I ecosystem. The findings are expected to inform and generate recommendations for 
the EU’s R&I policy in relation to AI and feed into the development of AI in Science strategy and 
support the potential setup of a European AI Research Council1.  

More specifically, the study will: 

1. Explore the state of the art and future trends in AI development. 
2. Estimate the current degree of use and development of AI across all European indus-

tries and the R&I ecosystem. 
3. Explore AI’s potential impact on the EU’s R&I ecosystem and industrial sectors. 
4. Provide an analysis of strengths, weaknesses, opportunities and threats for the EU 

R&I ecosystem. 
5. Seek to identify key R&I policy actions for the EU and EU Member States.  

 

The time horizon of the foresight extends to the year 2040. 

The objective of this report, which constitutes the first step of the study, is to: 

• Collect information on current trends, drivers and barriers in terms of the development and 
uptake of AI technology in Europe. When considering AI technological developments and 
uptake, the report provides a global overview as well.  

• Develop a taxonomy on AI technologies. The developed taxonomy will be used to map the 
current state of AI in the European industrial landscape. 

The key research questions that are covered in this report are described in the box below. 

 

 
1 Mission Letter for Commissioner-designate for Startups Research and Innovation (europa.eu) 

https://commission.europa.eu/document/download/130e9159-8616-4c29-9f61-04592557cf4c_en?filename=Mission%20letter%20-%20ZAHARIEVA.pdf
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Methodological approach 

The report is based on the review of literature and stakeholder consultation with the objective 
to 1) capture the trends in AI development and uptake; 2) identify key drivers and barriers; 3) 
build a taxonomy of AI. The reviewed sources covered the EU policy context as well as key 
global market, industry and technological trends across application areas. The list of consulted 
sources is available in the annex 3.1. The list of consulted stakeholders is available in the annex 
3.3. 

To develop a taxonomy of AI, multiple sources of information were analysed, including: 1) fore-
sight literature reports; 2) portfolios of leading RTOs and research institutes; 3) Strategic Re-
search and Innovation Agendas of European Partnerships; 4) ERC and EIC project portfolio; 5) 
Existing taxonomies. The taxonomy development process is visualised in the figure below. 

 

 

Figure 1 - Taxonomy Development Process. Source: Technopolis Group (2025) 

Review of 
established 

taxonomies on AI 
technology

Constitution of 
the literature 
corpus for 
additional 
keywords

Identification of 
keywords through 

text-mining

Classifying 
keywords

Human validation 
of the keywords & 

classification
Refinement of the 

taxonomy

Trends and challenges for AI technology generation: 

•  What are the recent key trends in AI technology developments from a supply-side perspective?  
•  What are the trends related to the cross-fertilisation of AI technologies with other technologies? 
•  What are the emerging AI technology areas?  
•  What are the technology maturity and societal readiness level of those AI technologies?  
•  What are the key drivers and barriers, needs and challenges, related to AI technologies generation 

in Europe? 
Trends and challenges for AI technology adoption across industry sectors and application areas 

•  What are the key developments related to AI-technology development and uptake across the dif-
ferent industrial sectors and application areas? What is their potential transformative impact in 
those sectors? 

•  What are the key drivers and barriers, needs and challenges from industry for the adoption of AI 
technologies (demand side)?  

•  What is the market structure and trends related to the generation and adoption of AI-technologies 
at global scale (incl. world leaders in AI)? 

Taxonomy building 

•  What are the existing taxonomies on AI technology development and uptake across sectors? 
•  What are the keywords and definition that can be used to cover the full scope of AI technologies 

and their applications across a broad range of relevant application sectors? 
 

 
Text Box 1 - Key Research Questions 
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A more detailed description of the methodological approach towards taxonomy building 
and the use of the taxonomy further in the Study is available in annex 3.2.  

The AI technology trends, and preliminary taxonomy of AI have been discussed and validated 
with stakeholders during a dedicated workshop session, with technology and AI policy ex-
perts. The objectives of the workshop were to: 

• Discuss and validate the key contextual factors influencing the development and uptake of 
Artificial Intelligence in the EU, including relevant policy and regulatory frameworks, as well 
as broader enabling conditions and barriers. 

• Discuss and refine the taxonomy for Artificial Intelligence, encompassing both technological 
trends and application domains. 

• Extend the AI taxonomy by examining technology maturity, societal readiness, and the “hype 
factor”, together with the potential transformative effects of AI-based applications on indus-
trial sectors and society. 

2. Context and Trends in AI technology development 
& application sectors  

There is no universal agreement on the definition of AI and various interpretations exist. One of 
the potential explanations of the lack of consensus is the broad range of tasks and capabilities 
AI systems can perform2. For example, Legg and Hutter3 presented 70 definitions in 2007, Rus-
sell and Norvig presented eight definition approaches in 2012. The European Commission has 
also adopted a definition of AI: “‘AI system means a machine-based system that is designed to 
operate with varying levels of autonomy and that may exhibit adaptiveness after deployment, 
and that, for explicit or implicit objectives, infers, from the input it receives, how to generate 
outputs such as predictions, content, recommendations, or decisions that can influence physical 
or virtual environments”4. This definition comprises seven main elements: (1) a machine-based 
system; (2) that is designed to operate with varying levels of autonomy; (3) that may exhibit 
adaptiveness after deployment; (4) and that, for explicit or implicit objectives; (5) infers, from the 
input it receives, how to generate outputs (6) such as predictions, content, recommendations, 
or decisions (7) that can influence physical or virtual environments.5 

 

2.1. Policy Context. 

2.1.1. EU Level 

Over the past years, the European Union has made significant steps to become a key strategic 
player in the field of AI (see figure below). Such efforts are reflected in several EU initiatives, 
including the Digital Decade Strategy, the European Data Strategy, as well as the AI Act, the 
Data Act, and the Digital Markets Act. The second von der Leyen Commission has also included 

 
2 Retrieved from: https://www.nasa.gov/what-is-artificial-intelligence/  
3 Shane Legg, Marcus Hutter (2007). Universal Intelligence: A Definition of Machine Intelligence. Minds & 
Machines, 17:4, pages 391-444. 
4 Retrieved from: https://artificialintelligenceact.eu/article/3/  
5 Retrieved from: https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-
definition-facilitate-first-ai-acts-rules-application  

https://www.nasa.gov/what-is-artificial-intelligence/
https://artificialintelligenceact.eu/article/3/
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
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“turning Europe into the AI continent” among its objectives. Additionally, the AI policy framework 
includes: 

• The European AI Strategy – aims at making the EU a world-class hub for AI and ensuring 
that AI is human-centric and trustworthy. 

• AI innovation package – includes several measures to support European startups and SMEs 
in the development of trustworthy AI that respects EU values and rules. One key element of 
this package is the Communication on boosting startups and innovation in trustworthy artifi-
cial intelligence that sets out a strategic investment framework in trustworthy AI for the Union 
to capitalise on its assets, in particular its world-leading supercomputing infrastructure, and 
to foster an innovative European AI ecosystem. 

• AI Act – the objective of the Act is to address the risks generated by specific uses of AI 
through a set of complementary, proportionate, and flexible rules. 

 

 

 
Figure 2 - Overview of the AI policy framework. Source: Technopolis Group (2025) 

In terms of funding initiatives for research and deployment of AI, for example, under the Horizon 
Europe Destination 3 (World Leading Data and Computing Technologies), key topics en-
compass AI-driven data operations, compliance technologies, and efficient, trustworthy AI for 
data optimisation. Projects like AI-DAPT focus on automating AI pipelines with human oversight 
and hybrid science-guided models6. Destination 4 (Digital & Emerging Technologies for 
Competitiveness and Fit for the Green Deal) emphasises AI-driven autonomous robots, ad-
vanced human-robot interaction, and novel AI paradigms for robotics. Destination 6 (Human-
Centric and Ethical Development of Digital and Industrial Technologies) prioritises ethical 
AI, reliable data optimisation, and AI pipeline automation, ensuring trustworthiness and 

 
6 Retrieved from: https://www.ai-dapt.eu/project/  

https://www.ai-dapt.eu/project/
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alignment with European values7. AI is also addressed across Pillar I and other Pillar II Clus-
ters and Pillar III. For example, the figure below provides an overview of ERC (Pillar I) AI project 
portfolio from FP7 to Horizon Europe. Overall, ERC-funded AI projects represent around 7% of 
all ERC-funded projects from 2007 up to 2022. 

 
Figure 3 ERC AI project portfolio. Source: ERC (2024), Mapping ERC Frontier Research Artificial Intelligence. 

Retrieved from: https://erc.europa.eu/sites/default/files/2024-03/report-AI.pdf  

In addition, the European High Performance Computing Joint Undertaking (EuroHPC) has 
selected seven proposals to establish and operate AI Factories across Europe. AI Factories 
are dynamic ecosystems that foster innovation, collaboration, and development in the field of 
AI. They bring together computer power, data, and talent to create cutting-edge generative AI 
models8. 

In terms of regional funding, a recent study by JRC found that during 2014-2020, around EUR 
8 billion of EU funds were targeted for AI investments in the European regions. More developed 
regions have a higher specialisation in AI EU-funded investments. AI-related investments are 
more concentrated in regions with a higher concentration of ICT activities and that are more 
innovative, highlighting the importance of agglomeration effects.9 

  

 
7 Retrieved from: https://ec.europa.eu/info/funding-tenders/opportunities/docs/2021-2027/horizon/wp-
call/2023-2024/wp-7-digital-industry-and-space_horizon-2023-2024_en.pdf  
8 Retrieved from:  https://digital-strategy.ec.europa.eu/en/policies/ai-factories  
9 Santos, Anabela Marques, Francesco Molica, and Carlos Torrecilla Salinas. "EU-funded investment in Arti-
ficial Intelligence and regional specialization." Regional Science Policy & Practice (2025): 100190. 

https://erc.europa.eu/sites/default/files/2024-03/report-AI.pdf
https://ec.europa.eu/info/funding-tenders/opportunities/docs/2021-2027/horizon/wp-call/2023-2024/wp-7-digital-industry-and-space_horizon-2023-2024_en.pdf
https://ec.europa.eu/info/funding-tenders/opportunities/docs/2021-2027/horizon/wp-call/2023-2024/wp-7-digital-industry-and-space_horizon-2023-2024_en.pdf
https://digital-strategy.ec.europa.eu/en/policies/ai-factories
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2.1.2. EU Member States level 

Figure 4 provides an overview of AI policy initiatives introduced from 2010 to 2023 in the EU-
27. 

 

 
Figure 4 - AI policy initiatives introduced each year from 2010 to 2023. Source: Technopolis Group based on 

OECD AI policy observatory. 

The AI policy initiatives saw exponential growth from 2015 to 2019. After 2019, the pace of 
new initiatives slowed. According to OECD data, a sharp rise in AI policy initiatives started in 
2017 (30 initiatives) and peaked in 2019 (167 initiatives). This period likely reflects increasing 
EU interest and concern in AI regulation, ethics, and governance as AI technologies ad-
vanced rapidly. Some examples of the initiatives include: 

• German Federal Government’s AI Strategy (2018): The goal is to establish “AI made in Ger-
many” as an international trademark for cutting-edge, secure AI applications aimed at serv-
ing the common good in line with Europe's core values10. 

• Italian Fund for the development of technologies and applications of AI, blockchain and IoT 
(2019): The objective is to finance experimentation and testing activities of the above-men-
tioned emerging technologies. The Fund has had a budget of €45 million for the 2019-2021 
period.11 

• Spanish National Green Algorithms Plan (2022): The objective is to develop AI in an eco-
sustainable and resilient way, in line with the objective of the EU of ensuring that digital 
infrastructure and technologies, including their supply chains, become more sustainable and 
resilient12. 

The portfolio of policy measures across the EU MS 27 is reflected in the figure below. 

 
10 Retrieved from: https://www.plattform-lernende-systeme.de/ai-strategies.html  
11Retrieved from: https://stip.oecd.org/stip/interactive-dashboards/policy-initiatives/2023%2Fdata%2Fpoli-
cyInitiatives%2F23975  
12 Retrieved from:  https://depp.oecd.org/policies/ESP2633  

https://www.plattform-lernende-systeme.de/ai-strategies.html
https://stip.oecd.org/stip/interactive-dashboards/policy-initiatives/2023%2Fdata%2FpolicyInitiatives%2F23975
https://stip.oecd.org/stip/interactive-dashboards/policy-initiatives/2023%2Fdata%2FpolicyInitiatives%2F23975
https://depp.oecd.org/policies/ESP2633
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Figure 5 - Portfolio of policy measures related to AI across the EU MS 27 (all policy instruments from 2010 to 

2023). Source: Technopolis Group based on OECD AI policy observatory. 

In terms of key takeaways, governance measures (e.g., national/regional strategies) and AI 
enablers13 are the dominant policy initiatives, representing 34% and 32% of all policy instru-
ments respectively. Financial support (e.g., grants, institutional funding for public research, 
indirect financing, equity financing) is substantial and represents 20% of all policy instruments. 
Guidance and regulation (e.g. regulatory oversight and ethical advice bodies, standards and 
certification for technology development and adoption) are comparatively less frequent, repre-
senting 14% of all instruments. 

  

 
13 It includes: AI skills and education, labour market policies, public awareness campaigns, data access and 
sharing, AI computing and research, networking and collaboration. 
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2.2. AI technology generation trends 

AI technology generation trends can be reflected by several indicators, including publications 
by field of study, patent applications and venture capital investments.  

 

Figure 6 -Number of AI publications by field of study from 2010 to 2022. Source: Centre for Security and Emerg-
ing Technology, 2023 

Machine learning publications have seen the most rapid growth over the past decade, 
increasing nearly sevenfold since 2015. Following machine learning, in 2022 researchers 
published the most in computer vision (21,309 publications), pattern recognition (19,841), and 
process management (12,052). 

This trend in publications was also reflected by the Association for the Advancement of Artificial 
Intelligence report which called for encouraging and support research on a variety of AI para-
digms. This includes diverse methodologies (beyond machine learning)14. 

To further identify the research trends in AI a literature review of academic publications, policy 
and market reports & studies was carried out (see annex 3.1 for consulted sources). The tech-
nological research and development trends in AI captured through desk research are summa-
rised in the figure below. In short, these trends encompass the core technical components of AI 
– (Machine learning (including neural networks), NLP and key AI components), aspects related 
to the use of AI (Governance & Ethics & Safety) and how and where the AI can be used (AI 
capabilities and application areas). 

 

 
14 Retrieved from: https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf  

https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
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Table 1 - High-level overview of the key AI technological trends. Source: Technopolis Group (2025) 

Overall, the field of AI has simultaneously encompassed many different methodologies and re-
search paradigms. There is a risk that the current convergence of the field towards focusing on 
neural approaches could impede innovation. Consequently, an active support of research on 
classical (non-neural) approaches, as well as research that combines neural approaches with 
other approaches, and that integrates various paradigms into more complete cognitive architec-
tures could yield interesting results. In addition, the support of creative investigations of com-
pletely new paradigms may be the key to overcoming the limitations of existing paradigms.15 

2.2.1. AI models. 

Another indicator that captures the developments in AI is the number of new AI models 
introduced. It should be noted that many new AI models are introduced each year, but only a 
few are the most advanced models. According to EpochAI, an advanced AI model has to meet 
one of the following criteria: (i) state-of-the-art improvement on a recognised benchmark; (ii) 
highly cited (over 1000 citations); (iii) historical relevance; (iv) significant use16. The figure below 
displays the global trend of the most advanced machine learning models developed by different 
types of organisations. 

 
15 Retrieved from: https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf  
16 Retrieved from: https://epoch.ai/data/notable-ai-models#faq  

Machine Learning, NLP 
and key AI components

• Feature Engineering
• Machine learning
• Natural Language 
Processing

• Networks
• AI Systems and Platforms

Governance & Ethics & 
Safety

• AI Safety & Risk 
Management

• AI Ethics & Fairness
• AI Governance & Policy

AI capabilities & application 
areas

• Emotion & Face 
regognition and creation

• Image & object regognition 
and creation

• Speech & voice 
regognition and creation

• Forecasting, planning, 
recommending

• Autonomous systems 
(ability to change 
behaviour in response to 
unexpected events / 
change
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with other systems and 
platforms across private 
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cases

https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://epoch.ai/data/notable-ai-models#faq
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Figure 7 - Number of notable machine learning models by different types of organisations. Source: Epoch, 2023 

& AI Index report 

The figure shows that until 2014, academia led in terms of introducing new advanced machine 
learning models. Since then, the industry has taken the lead. In 2023, there were 51 notable 
machine learning models produced by industry compared to just 15 from academia. This shift 
toward industry-led AI technology development is likely driven by the fact that creating 
cutting-edge AI models now requires vast amounts of data, computing power, financial 
resources, and, crucially, talent – areas where academia struggles to compete with in-
dustry17.  

Introduced in 2023, the Ecosystem Graphs is a community resource from Stanford that tracks 
global developments in foundation models, including datasets, specific models, and applica-
tions. The figure below, displays the number of foundation models introduced since 2019 by 
their access type.  

 
17 Retrieved from: https://epoch.ai/trends#compute  

https://epoch.ai/trends#compute
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Figure 8 - Number of foundation models by access type since 2019. Source: AI Index report. 

In recent years, the number of foundation models has risen sharply, more than doubling since 
2022 and growing by a factor of nearly 38 since 2019. Out of 149 foundation models released 
in 2023, 98 were open, 23 provided limited access and 28 models were fully proprietary. Open-
source and self-owned AI models significantly differ regarding aspiration, impact on creativity, 
and availability. For example, open-source Large Language Models (LLMs) are designed ex-
plicitly to share AI technology globally, making it available for researchers, developers, and or-
ganisations globally without restrictions18. Proprietary models are developed by organizations 
with the intent of improving their positioning in the market.19 These models are usually proprie-
tary or distributed through limited access Application Programming Interface (APIs), thus limiting 
the ability for outside contribution and inspection. 

Both proprietary and open-source models contribute to AI technological advancement. How-
ever, while increasing dispersion of AI technology across different industries and fields is the 
advantages of open-source models, proprietary models are more suited for commercial out-
comes and demonstrate state-of-the art technological advancements.  

2.2.2. Patents 

Patents filed in AI are one of the classical indicators capturing the technological development 
trends. According to a recent study prepared by World Intellectual Property Organization, glob-
ally, machine learning is the dominant artificial intelligence technique. Reference to ma-
chine learning is found in 40% of all AI-related patents analysed and the technique grew at an 
average rate of 28% every year from 2013-201620. Patenting activity in Generative Artificial 
Intelligence (GenAI) indicates that it has also received significant attention from public and pri-
vate organisations. The figure below provides an overview of the AI patent trends by core GenAI 
models. 

 
18 Retrieved from:  https://wjaets.com/sites/default/files/WJAETS-2024-0562_0.pdf  
19 Retrieved from:  https://wjaets.com/sites/default/files/WJAETS-2024-0562_0.pdf  
20 Retrieved from:  https://www.wipo.int/en/web/technology-trends/artificial_intelligence/story  

https://wjaets.com/sites/default/files/WJAETS-2024-0562_0.pdf
https://wjaets.com/sites/default/files/WJAETS-2024-0562_0.pdf
https://www.wipo.int/en/web/technology-trends/artificial_intelligence/story


 

14 

 
Figure 9 - AI patent trends by core GenAI models. Source: AI Index report 

Among the core models, many patent families belong to the category of generative adver-
sarial networks (GANs). Between 2014 and 2023, around 9700 patent families in this model 
have been published. Variational autoencoders (VAE) and LLMs are the second and third larg-
est models in terms of patent families with 1800 and 1300 new patent families respectively 
between 2014 and 2023. 

In terms of AI applications, computer vision, which includes image recognition (critical for self-
driving cars), is the most popular application of AI referenced in patent documents. It was men-
tioned in 49% of all AI-related patents and grew annually at an average rate of 24% over the 
period 2013-1621. 

2.2.3. Private Investments 

Venture capital and private equity investments serve as another key indicator of technology 
generation in the field of AI. Venture capital and private equity tend to finance companies that 
are not quoted on the stock market and are often in the early development phase. These invest-
ments can act as a proxy to help understand which countries, industries or technologies are 
attracting investments. Until 2021, global private investment in AI have been gradually in-
creasing since 201322. Nevertheless, since 2021 global private AI investment has declined for 
the second consecutive year (see figure below). 

 
21 Retrieved from:  https://www.wipo.int/en/web/technology-trends/artificial_intelligence/story 
22 Retrieved from:  https://www.mediahuis.ie/app/uploads/2024/04/HAI_AI-Index-Report-2024.pdf  

https://www.wipo.int/en/web/technology-trends/artificial_intelligence/story
https://www.mediahuis.ie/app/uploads/2024/04/HAI_AI-Index-Report-2024.pdf
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Figure 10 - Global private investments in AI. Source: AI Index report 

2.2.4. Hardware trends 

In terms of specific hardware technology trends, the availability of data plays a crucial 
role in driving AI model development. The most powerful AI systems to date are language 
models that are primarily trained on trillions of words of human-generated text from the internet. 
However, there is only a finite amount of publicly available human-generated data. According 
to EpochAI research23, the total stock of human-generated public text data is 300 trillion tokens. 
This estimate includes only data that is sufficiently high-quality to be used for training and ac-
counts for the possibility of training models for multiple epochs. EpochAI forecasted that this 
data stock will be fully utilised at some point between 2026 and 2032 considering the his-
torical growth rate in dataset sizes and projection of training compute growth24.  

Another trend that has implications for the development of AI models is the shortage of 
AI chips. AI chips provide the compute capacity necessary for training large AI models. Bain & 
Company research showed that businesses should expect a likely AI chip shortage, with 
AI driving demand for chips components by 30% or more by 202625. A demand increase of 
20% or more would put a damper on the AI chip supply chain26.  

Finally, addressing the data centre and cloud capacity gap is crucial, as Europe's data centre 
capacity needs to triple by 2027, reaching approximately 22,700 MW to support AI develop-
ment27. This shortfall can have significant implications for Europe’s ability to achieve technolog-
ical sovereignty, maintain competitiveness, and accelerate AI advancements. 

 

 
23 Retrieved from:  https://epoch.ai/research  
24 Retrieved from:  https://epoch.ai/research  
25 Retrieved from:  https://www.bain.com/insights/prepare-for-the-coming-ai-chip-shortage-tech-report-2024/  
26 Retrieved from:  https://www.bain.com/insights/prepare-for-the-coming-ai-chip-shortage-tech-report-2024/  
27 Retrieved from: https://pdf.euro.savills.co.uk/european/european-commercial-markets/spotlight-european-
data-centres---may-2024.pdf  

https://epoch.ai/research
https://epoch.ai/research
https://www.bain.com/insights/prepare-for-the-coming-ai-chip-shortage-tech-report-2024/
https://www.bain.com/insights/prepare-for-the-coming-ai-chip-shortage-tech-report-2024/
https://pdf.euro.savills.co.uk/european/european-commercial-markets/spotlight-european-data-centres---may-2024.pdf
https://pdf.euro.savills.co.uk/european/european-commercial-markets/spotlight-european-data-centres---may-2024.pdf
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2.3. AI technology adoption trends and sectoral applications  

Globally, AI adoption has spiked over the past five years. The latest McKinsey report re-
veals that in 2023, 55% of organisations surveyed have implemented AI in at least one business 
unit or function, marking a slight increase from 50% in 2022 and a significant jump from 20% in 
2017. 

In 2024, 13.48% of enterprises in the EU (an increase of 5.45 percentage points compared to 
2023), with 10 or more employees and self-employed persons, used at least one of the following 
AI technologies:28 

• Technologies analysing written language (text mining). 

• Technologies converting spoken language into a machine-readable format (speech recog-
nition). 

• Technologies generating written or spoken language (natural language generation). 

• Technologies identifying objects or people based on images (image recognition, image pro-
cessing). 

• Machine learning (e.g. deep learning) for data analysis. 

• Technologies automating different workflows or assisting in decision-making (AI based soft-
ware robotic process automation). 

• Technologies enabling machines to physically move by observing their surroundings and 
taking autonomous decisions. 

 

In some economic activities AI is used a lot more than in others. This indicates that AI is 
more relevant for certain activities. Globally, when considering the types of AI capabilities 
integrated into at least one function or business unit, robotic process automation had the highest 
adoption rate within the financial services industry (46%), as shown in the figure below. Virtual 
agents followed closely, also within financial services. Across all industries, the most widely 
embedded AI technologies were natural language text understanding (30%), robotic process 
automation (30%), and virtual agents (30%). 

 
28Retrieved from: https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Use_of_artificial_intelli-
gence_in_enterprises  

https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Use_of_artificial_intelligence_in_enterprises
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Use_of_artificial_intelligence_in_enterprises
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Figure 11 - AI capabilities embedded in at least one function or business unit in 2023. Source: AI Index report. 

The table below presents the different types of AI technologies used across different economic 
activities in the EU. In the information and communication sector, where the highest share 
of enterprises using AI was recorded, the most used AI technologies were text mining 
(30.11%), followed by natural language generation (25.83%) and machine learning for data 
analysis (25.66%). In professional, scientific and technical service activities, text mining was 
again the most used AI technology with 15.61% of enterprises, followed by speech recognition 
(12.49%) and natural language generation (11.51%). In all other activities, the shares of enter-
prises using specific AI technologies ranged from less than 1% to 8%. 
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Activity Performing 
analysis of 
written 
language 
(text min-
ing) 

Generating 
written or 
spoken 
language 
(natural 
language 
generation) 

Converting 
spoken lan-
guage into 
machine-
readable 
format 
(speech 
recognition) 

Machine 
learning 
(e.g. 
deep 
learning) 
for data 
analysis 

Automating 
different 
workflows 
or assist-
ing in deci-
sion mak-
ing 

Identifying 
objects or 
persons 
based on 
images (im-
age recog-
nition, im-
age pro-
cessing) 

Enabling 
physical 
movement 
of machines 
via autono-
mous deci-
sions  

Manufacturing 5% 4% 3% 3% 3% 3% 1% 
Electricity, gas, 
steam and air 
conditioning 
supply; water 
supply; sewer-
age, waste man-
agement and re-
mediation activ-
ities 

6% 4% 4% 5% 5% 3% 1% 

Construction 3% 2% 3% 1% 1% 1% 0% 
Wholesale and 
retail trade; re-
pair of motor 
vehicles and 
motorcycles 

6% 5% 4% 3% 3% 3% 1% 

Retail trade, ex-
cept of motor 
vehicles and 
motorcycles 

5% 5% 3% 3% 3% 3% 1% 

Transportation 
and storage 

4% 3% 3% 2% 2% 2% 1% 

Accommodation 3% 2% 2% 1% 1% 1% 0% 
Information and 
communication 

30% 26% 20% 26% 21% 14% 3% 

Real estate ac-
tivities 

7% 6% 7% 3% 5% 2% 1% 

Professional, 
scientific and 
technical activi-
ties 

16% 12% 12% 11% 10% 7% 2% 

Administrative 
and support 
service activi-
ties 

8% 5% 5% 4% 4% 3% 1% 

All activities 7% 5% 5% 4% 4% 3% 1% 
Table 2 - Enterprises using AI technologies by type of AI technology and economic activity, EU, 2024. Source: 

Eurostat 

As noted above, AI adoption varies significantly across economic activities, with some industries 
leveraging AI more extensively due to its greater relevance to their operations. At the same 
time, certain sectors are better positioned for AI uptake. To assess this, the OECD has 
developed an AI Intensity Sectoral Index, which combines indicators such as AI human capital 
(AI-related vacancies), AI innovation (AI-related patents), barrier-adjusted AI exposure (e.g., 
employees’ abilities related to AI used within an occupation in industry), and AI usage. The 
figure below provides an overview of AI intensity across various sectors. 
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Sectors with high AI Intensity Sectors with medium AI Inten-
sity 

Sectors with low AI Intensity 

Computer & electronics Chemicals Food products 

 Media  Pharmaceuticals Textiles & apparel 

Telecommunications  Electrical equipment  Wood & paper 

 IT services  Machinery & equipment Rubber, plastics, minerals 

  Finance & insurance 
Transport equipment Metal products 

 Legal & accounting Other manufactures Construction 

 Scientific R&D  Wholesale & retail 
 Hotels & food services 

 
 Transportation & storage 

 

 
 Real estate 

 

 

 Other business services 

 

 

 Administrative & support 
services 

 

Table 3 - AI sectoral intensity. Source: OECD A sectoral taxonomy of AI intensity. Note: a sector is high if it 
ranks in the top quartile for at least two indicators and not in the bottom quartile for the remaining two and low if 

it ranks in the bottom quartile for at least two indicators and not in the top quartile for the remaining two. 

Overall, AI adoption remains consistently higher in the ICT and professional services sec-
tors, indicating that AI use is not yet evenly distributed across industries. These sectors benefit 
from complementary assets that facilitate AI adoption, including factors such as ICT skills, train-
ing, firm-level digital capabilities, and robust digital infrastructure. Given that AI is still in the early 
stages of diffusion, its full potential as a general-purpose technology broadly used across indus-
tries has yet to be fully realised. 29 

 
29 Retrieved from: https://www.oecd.org/en/publications/a-sectoral-taxonomy-of-ai-intensity_1f6377b5-en.html  

https://www.oecd.org/en/publications/a-sectoral-taxonomy-of-ai-intensity_1f6377b5-en.html
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2.4. Drivers and barriers for the development and uptake of 
AI  

The private and public sector faces several drivers and barriers related to the development and 
deployment of AI technologies. The level of importance was assessed consensus in expert 
judgement during the validation workshop. These elements are described in the tables below.  

2.4.1 Drivers for the development and uptake of AI 

Feature Description Level of im-
portance  

Drivers related to AI technologies generation and adoption in Europe 

Skills availability The most advanced AI today cannot operate 
without humans. Availability and diversity in 
AI talent pools enhance creativity and prob-
lem-solving, driving AI development and 
adoption across industries. In general, or-
ganisations need AI developers and AI 
translators. These include people who know 
how to use and deploy gen AI, predictive an-
alytics, LLMs, natural language processing 
(NLP), machine learning (ML), deep learn-
ing and reinforcement learning.30 

 

Moreover, not all AI-related skills demand 
extensive expertise in deployment. Some 
tasks require only foundational knowledge, 
such as prompt-tuning or fine-tuning 
ChatGPT. These skills are also linked to the 
broader digital competencies of the popula-
tion. In the EU, for example, 56% of individ-
uals aged 16 to 74 had at least basic digital 
skills in 2023.31 

High 

AI factories AI Factories are dynamic ecosystems that 
foster innovation, collaboration, and devel-
opment in the field of artificial intelligence. 
They bring together computer power, data, 
and talent to create state-of-the-art genera-
tive AI models. They foster collaboration 
across Europe, linking universities, super-
computing centres, industry, and financial 
actors. AI factories serve as hubs driving 
advancements in AI applications across var-
ious sectors.32 

High 

 
30 Retrieved from:  https://www.ibm.com/think/insights/ai-skills-gap  
31 Retrieved from:  https://ec.europa.eu/eurostat/web/products-eurostat-news/-/ddn-20231215-3  
32 Retrieved from:  https://digital-strategy.ec.europa.eu/en/policies/ai-factories  

https://www.ibm.com/think/insights/ai-skills-gap
https://ec.europa.eu/eurostat/web/products-eurostat-news/-/ddn-20231215-3
https://digital-strategy.ec.europa.eu/en/policies/ai-factories
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Feature Description Level of im-
portance  

Regulatory landscape Government policies and legal frameworks, 
such as data privacy laws and AI govern-
ance models, shape the responsible deploy-
ment of AI. Regulations provide guidelines 
for (ethical) AI development, increasing 
public and corporate trust in AI. 

High 

AI Models that address ethical 
and transparency concerns  

Many AI models operate as "black boxes," 
making their decision-making processes dif-
ficult to interpret. Ethical risks include AI 
bias, discrimination, and lack of cultural 
adaptability. AI systems sometimes rein-
force existing inequalities due to bias in 
data. The use of AI in sensitive areas (e.g., 
criminal justice, hiring, or surveillance) 
raises human rights and accountability con-
cerns. The availability of AI Models that ad-
dress ethical and transparency concerns 
can increase trust in the developed and 
adopted AI. 

High 

Private investments Availability and accessibility to private in-
vestments (venture capital and private eq-
uity) support AI research, development and 
adoption.  

High 

Public investments in AI Public funding is an important driver for AI 
development and uptake at the EU, national 
and regional levels. 

High 

Open-source data and models Open-source AI frameworks and datasets 
accelerate research and democratise ac-
cess to the most advanced models. Trans-
parency through open-source also improves 
model reliability, security, and ethical con-
siderations, boosting trust in AI solutions. 

Medium 

Diversity in research areas out 
of AI 

Active support of research on classical 
(non-neural) approaches in AI, as well as re-
search that combines neural approaches 
with other approaches, (classical AI) and 
that integrates various paradigms into more 
complete cognitive architectures drive inno-
vation in AI and its adoption.33  

Medium 

AI literacy (basic understand-
ing and benefits of AI) 

Greater public awareness and AI literacy 
drive higher adoption rates across indus-
tries and daily life. Effectively communi-
cating AI’s benefits, such as automation, ef-
ficiency, and enhanced decision-making, 
while also addressing potential risks fosters 
broader acceptance and integration. 

Medium 

 
33AAAI 2025 Presidential Panel on the Future of AI Research. https://aaai.org/wp-content/up-
loads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf  

https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
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Table 4 - Overview of the drivers for the development and uptake of AI. Source: Technopolis Group 
(2025) 

2.4.2 Barriers to the development and uptake of AI 

Feature Description Level of im-
portance  

Barriers related to AI technologies generation and adoption in Europe 

Lack of AI computing capacity Considering the data centre/cloud capacity 
gap there is a need for European data cen-
tre capacity to triple by 2027 and reach 
around 22.700 MW34. Such a gap has sig-
nificant implications for Europe’s opportuni-
ties to pursue technological sovereignty and 
competitiveness, as well as its ability to 
boost AI development. 

High 

Lack of (high-quality) data AI relies on high-quality datasets; however, 
data is often fragmented, unavailable, or dif-
ficult to integrate. Privacy laws, competitive 
concerns, and lack of interoperability hinder 
data access. Many businesses and organi-
sations still rely on legacy systems that do 
not support AI-friendly data structures.  

High 

Costs of construction and 
equipment for AI  

Specialised AI equipment such as AI-opti-
mised GPUs is more costly than previous 
generation equipment, increasing costs for 
investments in AI uptake. 

High 

Private investments (venture 
capital and private equity) in AI 
in the EU are lagging 

According to the European Court of Audi-
tors, despite the EU having a strong AI pub-
lic research community (the highest number 
of peer-reviewed scientific publications on 
AI in the world in 2022), it faces challenges 
in the global race for AI investment. Private 
investment in AI has been lower than in 
other AI-leading regions of the world (the US 
and China) since 201535. 

High 

Unclear business case and 
ROI for internal investments in 
AI 

Organisations struggle to justify AI invest-
ments due to unclear return on investment 
(ROI). AI projects often require significant 
upfront investment with long-term payoffs, 
making decision-makers hesitant. AI’s po-
tential benefits are sometimes overesti-
mated, leading to unrealistic expectations 
and failed implementations. 

High 

 
34 Savills News. (2024). European data centre power capacity projected to rise to approximately 13,100 MW 
by 2027. Available at: https://www.savills.be/research-and-news/savills-news/362723/european-data-centre-
power-capacity-projected-to-rise-to-approximately-13-100-mw-by-2027  
35 Retrieved from:  https://www.eca.europa.eu/ECAPublications/SR-2024-08/SR-2024-08_EN.pdf  

https://www.savills.be/research-and-news/savills-news/362723/european-data-centre-power-capacity-projected-to-rise-to-approximately-13-100-mw-by-2027
https://www.savills.be/research-and-news/savills-news/362723/european-data-centre-power-capacity-projected-to-rise-to-approximately-13-100-mw-by-2027
https://www.eca.europa.eu/ECAPublications/SR-2024-08/SR-2024-08_EN.pdf
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Feature Description Level of im-
portance  

Fragmentation of coordinated 
initiatives/fundings/incentives 
along the AI value chain 

Fragmentation between various EU actions 
as well as limited synergies between na-
tional and EU actions could slow progress in 
the take-up and development of AI 

High 

Lack of incentives for data 
sharing and experimentation 
with data   

Concerns over liability and data ownership 
prevent widespread data sharing to enable 
advancements in AI. Companies hesitate to 
share data due to privacy concerns, com-
petitive risks, and legal uncertainties. There 
is a lack of widely accepted standardised 
frameworks for secure and fair data ex-
change. Public institutions often hold valua-
ble datasets but have limited mechanisms to 
share them with businesses and research-
ers.  

High 

Limited access to technology 
infrastructures 

AI development requires access to ad-
vanced infrastructure, but many SMEs and 
startups lack access to these resources. 
High-performance computing, AI testbeds, 
and cloud platforms are costly and not 
equally available across the EU. 

High 

Complex regulatory land-
scape 

AI providers are subject to the regulatory 
framework that concerns the data used for 
AI development and use, affecting cloud 
and AI providers. This includes the GDPR, 
the AI Act, DMA, the Data Act, the Free Flow 
of non-personal data regulation and others 
adopted in the wake of the EU Data Strat-
egy. As indicated in the Draghi report, the 
regulatory barriers to scaling in the technol-
ogy sector are particularly burdensome, es-
pecially for startups and the EU's regulatory 
approach stifles innovation, with approxi-
mately 100 tech-focused laws and over 270 
regulators overseeing digital networks 
across all Member States36. This also in-
cludes data privacy constraints in AI train-
ing. Additionally, the complex regulatory 
landscape is related to a limited risk ap-
proach in policy-making that can further hin-
der AI development and uptake. 

High 

Speed of AI development  Increasing number of AI models creates 
challenges in navigating the landscape and 
making the right choice of the most suitable 
model for organisations. More specifically, 
choosing the optimal algorithm necessitates 
a thorough understanding of the trade-offs 
involved, such as balancing between the al-
gorithm’s accuracy and its interpretability, 
computational efficiency, and suitability for 

Medium 

 
36 Retrieved from:  https://commission.europa.eu/topics/eu-competitiveness/draghi-report_en  

https://commission.europa.eu/topics/eu-competitiveness/draghi-report_en
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Feature Description Level of im-
portance  

real-time operations. While deep learning 
methods may deliver unparalleled accuracy, 
their often-opaque nature may not be ideal 
for industries where explainability is crucial 
for safety and compliance reasons.37 

Incompatibility with existing 
infrastructures 

A significant portion of the industry relies on 
legacy systems, including Enterprise Re-
source Planning (ERP), Customer Relation-
ship Management (CRM) systems, Product 
Lifecycle Management (PLM), Manufactur-
ing Execution System (MES), and Labora-
tory Information Management Systems 
(LIMS). These platforms were often not de-
signed to accommodate the integration of 
new AI technologies38. Moreover, the pro-
cessing requirements for AI, particularly 
with advanced deep learning models are 
substantial. Industrial infrastructure, how-
ever, may not always be up to date or able 
to support these demands. Upgrading hard-
ware and systems to support the computa-
tional intensity of AI can be a daunting and 
expensive obstacle for many organisa-
tions.39 

Medium 

Trust in models and out-
comes 

Lack of trust in models and their outcomes 
serves as a significant barrier to AI adop-
tion. When users and stakeholders are un-
certain about how a model makes decisions, 
they may hesitate to rely on its outputs, fear-
ing inaccuracies, biases, or unintended con-
sequences. A lack of transparency exacer-
bates this issue.40 

Medium 

Fear or AI replacing workers 
hindering adoption (e.g. cer-
tain health domains) 

Routine and repetitive tasks are the ones AI 
is most likely to automate, according to the 
World Economic Forum’s Jobs of Tomorrow 
whitepaper41, whereas critical thinking and 
complex problem-solving could be aug-
mented by the technology. In addition, in the 
next five years, employees estimate that 
44% of workers’ skills will be disrupted, 
meaning upskilling and life-long learning are 
now more essential, according to the Future 
of Jobs Report 2023.42 Consequently, 

Medium 

 
37 Sinha, S., & Lee, Y. M. (2024). Challenges with developing and deploying AI models and applications in 
industrial systems. Discover Artificial Intelligence, 4(1), 55.  
38 Sinha, S., & Lee, Y. M. (2024). Challenges with developing and deploying AI models and applications in 
industrial systems. Discover Artificial Intelligence, 4(1), 55. 
39 Sinha, S., & Lee, Y. M. (2024). Challenges with developing and deploying AI models and applications in 
industrial systems. Discover Artificial Intelligence, 4(1), 55  
40 Retrieved from: https://www.mckinsey.com/capabilities/quantumblack/our-insights/building-ai-trust-the-key-
role-of-explainability  
41 Retrieved from:  https://www.weforum.org/stories/2023/12/ai-fobo-jobs-anxiety/  
42 Retrieved from:  https://www.weforum.org/stories/2023/12/ai-fobo-jobs-anxiety/  

https://www.mckinsey.com/capabilities/quantumblack/our-insights/building-ai-trust-the-key-role-of-explainability
https://www.mckinsey.com/capabilities/quantumblack/our-insights/building-ai-trust-the-key-role-of-explainability
https://www.weforum.org/stories/2023/12/ai-fobo-jobs-anxiety/
https://www.weforum.org/stories/2023/12/ai-fobo-jobs-anxiety/
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Feature Description Level of im-
portance  

according to McKinsey report, about half of 
employees worry about AI inaccuracy and 
cybersecurity risks43. 

Environmental impact and 
carbon footprint of AI 

AI models, especially deep learning, con-
sume vast computational resources, in-
creasing energy use and carbon emissions. 
The rapid scaling of AI requires significant 
amounts of electricity, often powered by 
non-renewable sources. AI data centres 
contribute to global energy consumption, 
raising sustainability concerns. There is a 
lack of regulatory measures to ensure AI de-
velopment follows sustainable practices. 

Medium 

Table 5 - Overview of barriers to AI technologies generation and adoption in Europe. Source: Tech-
nopolis Group (2025) 

  

 
43 Retrieved from: https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/superagency-in-the-
workplace-empowering-people-to-unlock-ais-full-potential-at-work  

https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/superagency-in-the-workplace-empowering-people-to-unlock-ais-full-potential-at-work
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/superagency-in-the-workplace-empowering-people-to-unlock-ais-full-potential-at-work
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2.5. Emerging technologies  

The emerging technologies related to artificial intelligence and machine learning show a 
strong emphasis on addressing challenges related to data privacy, security, and explain-
ability. According to a recent report by JRC44 and to AAAI45 and data collected for this study, 
common novel aspects of AI are included in the figure below. 

 
Figure 12 - Emerging AI technologies. Source: Technopolis Group (2025). 

More specifically: 

• AI for scientific discovery: Artificial Intelligence is revolutionising scientific discovery by 
accelerating the entire research cycle from knowledge extraction and hypothesis generation 
to automation of experimentation and verification at an unprecedented speed. 

• Artificial general intelligence (AGI): Unlike narrow AI, which is designed for specific tasks 
(e.g., language translation, image recognition), AGI aspires to exhibit human-like cognitive 
abilities. In a broad sense, AGI is capable of understanding and responding to any kind of 
problem. In contrast AI agents are designed for designed for specific tasks like chatbots or 
recommendation systems.  

• Decentralised and federated approaches: Technologies such as Federated Machine 
Learning, Federated Deep Learning, and Vertical Federated Learning, adopt decentralised 

 
44 European Commission: Joint Research Centre, Eulaerts, O., Grabowska, M. and Bergamini, M., Weak sig-
nals in science and technologies 2024 – Technologies at an early stage of development that could impact 
our future, Publications Office of the European Union, 2025, https://data.europa.eu/doi/10.2760/6571994 & 
45AAAI 2025 Presidential Panel on the Future of AI Research. https://aaai.org/wp-content/up-
loads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf  
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https://data.europa.eu/doi/10.2760/6571994
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
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and federated approaches to enable collaborative model training while preserving data pri-
vacy and security. 

• AI agents: Agents and multi-agent systems (MAS) have evolved from autonomous problem-
solving entities to integrating generative AI and LLMs, ultimately leading to cooperative AI 
frameworks that enhance adaptability, scalability, and collaboration. 

• Emphasis on human-AI collaboration and ethics: Human-Centric AI, Ethical AI, and Hu-
man AI Interface technologies prioritise human-AI collaboration, ethics, and inclusivity, striv-
ing for more accountable, fair, and transparent AI systems. 

• AI factuality & trustworthiness: Improving factually and trustworthiness of AI systems is 
currently one of the largest topics of AI research. 

• Advanced cryptographic methods and secure multi-party computation: Privacy-pre-
serving machine learning and other technologies leverage advanced cryptographic methods 
and secure multi-party computation to ensure data security and regulatory compliance dur-
ing model training and inference.  

• Adaptability to analyse heterogeneous data and environments: Technologies like Mul-
timodal AI, Masked Face Recognition, and Tiny Machine Learning demonstrate adaptability 
to diverse data types, environments, and edge devices, enabling more comprehensive and 
nuanced understanding in complex domains.  

• AI evaluation: AI evaluation is the process of assessing the performance, reliability, and 
safety of AI systems. 

• Embodied AI: Embodied AI creates intelligent agents that perceive, understand, and inter-
act with the physical world. 

• Hardware & AI: Hardware/software architecture co-design for artificial intelligence involves 
creating hardware and software components that are specifically designed to work together 
efficiently, maximising the performance and energy efficiency of AI systems. 

• AI & sustainability: AI is rapidly transforming industries and holds immense potential to 
drive sustainability progress, ranging from accelerating the net-zero energy transition to en-
hancing climate resilience. However, its deployment also raises challenges, such as increas-
ing energy and water demands. Ensuring AI advances sustainability rather than exacerbat-
ing environmental risks will require proactive efforts to shape its development, operations, 
and applications. 

 

2.6. Cross-technological synergies  

In terms of cross-technological synergies between AI and other technologies, some examples 
of such synergies are provided in a table below. It is also important to note that while AI can be 
an enabler in many other technology fields (“AI for X”), but AI can also benefit from progress in 
some of these fields (“X for AI”), for instance through the development of the so-called AI chips. 

 

Technology area Description 

Biotechnology AI-Biotech synergies largely concern AI-enhanced biological processes, 
fastened drug development, logistic and supply chains, industry data 
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management, early diseases identification.46 Biological understanding of 
intelligence can also yield insights into AI, as neural networks showed, but 
also in neuromorphic chips (inspired by the human brain) for example.  

High Perfor-
mance Compu-
ting (HPC) 

HPC and AI can be used in a variety of fields, including researchers work-
ing in laboratories, engineers solving complex technical problems.47 HPC 
provides the computational capacity needed to process vast amounts of 
data. 

Microelectronics Artificial Intelligence can reduce the time and cost of designing new wire-
less chips and discovering new functionalities to meet expanding de-
mands for better wireless speed and performance48 

Robotics, includ-
ing drones, au-
tonomous 
ground vehicles 

Embedded AI refers to AI integrated directly into robotic systems, enabling 
real-time decision-making, automation, and adaptability without relying on 
cloud computing. For instance, AI-driven NLP allows robots to understand 
and respond to human commands. 

Quantum Com-
puting 

Quantum Computing can enable AI to process larger data volumes effi-
ciently, identify complex patterns better than traditional AI, and improve 
model performance. The rise of Quantum AI can also enhance security, 
communication and system resilience.49 

Big Data Big Data forms the backbone of modern AI and Data Science, fuelling 
technologies like Machine Learning, Data Mining, and cloud computing by 
providing the data necessary for training algorithms and making predic-
tions. Big Data refers to the vast amounts of structured, semi-structured 
and unstructured data generated at high speeds from various sources, 
such as social media platforms, e-commerce transactions, and devices 
connected to the Internet of Things. Traditional data processing tech-
niques are not capable of handling this enormous and fast-moving data. 
The concept of Big Data is often defined by the "three Vs": Volume (the 
sheer amount of data), Variety (the diverse types of data), and Velocity 
(the speed at which data is generated and processed).  

Digital Security & 
Cybersecurity 

Cybersecurity organisations increasingly rely on AI in conjunction with 
more traditional tools such as antivirus protection, data-loss prevention, 
fraud detection, identity and access management, intrusion detection, risk 
management and other core security areas. Because of the nature of AI, 
which can analyse enormous sets of data and find patterns, AI is uniquely 
suited to tasks such as detecting actual attacks more accurately than hu-
mans, creating fewer false-positive results, and prioritising responses 
based on their real-world risks50 Additionally, AI has the potential to be a 
game-changing tool in penetration testing, intentionally probing the de-
fences of software and networks to identify weaknesses. 

 
46 Retrieved from: https://www.nato.int/nato_static_fl2014/assets/pdf/2023/3/pdf/stt23-vol2.pdf  
47 Retrieved from:  https://www.nvidia.com/en-us/high-performance-computing/hpc-and-ai/  
48 Retrieved from:  https://engineering.princeton.edu/news/2025/01/06/ai-slashes-cost-and-time-chip-design-
not-all  
49 Retrieved from:  https://www.nato.int/nato_static_fl2014/assets/pdf/2023/3/pdf/stt23-vol2.pdf  
50 Retrieved from:  https://www.morganstanley.com/articles/ai-cybersecurity-new-era  

https://www.nato.int/nato_static_fl2014/assets/pdf/2023/3/pdf/stt23-vol2.pdf
https://www.nvidia.com/en-us/high-performance-computing/hpc-and-ai/
https://engineering.princeton.edu/news/2025/01/06/ai-slashes-cost-and-time-chip-design-not-all
https://engineering.princeton.edu/news/2025/01/06/ai-slashes-cost-and-time-chip-design-not-all
https://www.nato.int/nato_static_fl2014/assets/pdf/2023/3/pdf/stt23-vol2.pdf
https://www.morganstanley.com/articles/ai-cybersecurity-new-era
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Digital Twins AI can structure inputs and synthesise outputs of digital twins, and digital 
twins can provide a robust test-and-learn environment for AI. For example, 
LLMs could potentially create code51 for the digital twin, accelerating the 
development process and increasing effectiveness. Also, multimodal 
LLMs can efficiently analyse and interpret large data sets and synthesise 
insights. Additionally, LLMs can generate scenarios for the digital twin to 
simulate that are more comprehensive. In this way, LLMs (such as 
OptiGuide or Vertex) can function as an interface for simulators, allowing 
users to communicate with digital twins via natural language (for example, 
asking questions and receiving understandable insights in return)52. 

Table 6- Examples of Cross-technological synergies of AI with other technologies. Source: Technopolis Group 
(2025) 

2.7. Global landscape & market dynamics 

The main market and global trends related to AI are described below: 

• AI research: Between 2010 and 2022, the total number of AI publications nearly tripled, 
rising from approximately 88,000 in 2010 to more than 240,000 in 2022. The increase over 
the last year was a modest 1.1%.53  

• Technology generation: From 2021 to 2022, AI patent grants worldwide increased sharply 
by 62.7%. Since 2010, the number of granted AI patents has increased more than 31 times54. 
There is a significant gap between the EU’s share of AI patents and the share held by China 
and the US – in fact, the EU’s share of AI patents is about half that of the US55. 

• Technology adoption and investment: In the EU, there is a discrepancy between the up-
take of and investments in AI. On the one hand, there is a significant increase in the adoption 
rate of AI. At the same time, 59% of businesses reported investing less than 1% of their 
annual turnover in AI56. Moreover, AI is still evolving, and investing in the development of 
proprietary AI systems is often seen as risky, particularly for SMEs.  

• Private investments (venture capital and private equity): The US is leading private in-
vestment in AI (€62.5 billion) in 2023, followed by China (€7.3 billion). The EU and the United 
Kingdom (UK) together attracted €9 billion worth of private investment in 202357. In terms of 
VC & PE attracted by companies, the United States lead with OpenAI’s generative AI, 
Waymo’s self-driving product, and xAI. In China, Moonshot AI dominates with the chatbot 

 
51 Nevertheless, it should be noted that to date, research from GitClear based on analysis of 211 million lines 
of code suggests that AI coding assistants are eroding code quality by increasing duplicated and copy/pasted 
code and decreasing refactoring. Consequently, for future application of AI to create code with other technol-
ogies, the limited quality of the generated code must be addressed. 
 Source: https://devclass.com/2025/02/20/ai-is-eroding-code-quality-states-new-in-depth-report/  
52 Retrieved from: https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/tech-forward/digital-
twins-and-generative-ai-a-powerful-pairing  
53 Retrieved from:  https://www.mediahuis.ie/app/uploads/2024/04/HAI_AI-Index-Report-2024.pdf  
54 Retrieved from:  https://www.mediahuis.ie/app/uploads/2024/04/HAI_AI-Index-Report-2024.pdf  
55 Commission Staff Working Document - Second annual report on key findings from the European Monitor of 
Industrial Ecosystems (EMI) Accompanying the document Communication from the Commission to the Euro-
pean Parliament, the Council, the European Economic and Social Committee and the Committee of the Re-
gions The 2025 Annual Single Market and Competitiveness Report (2025) 
Retrieved from: https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-90ad-
0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PA-
PER_EN_V5_P1_3878248.PDF  
56 Ibid.  
57 Ibid.   

https://devclass.com/2025/02/20/ai-is-eroding-code-quality-states-new-in-depth-report/
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/tech-forward/digital-twins-and-generative-ai-a-powerful-pairing
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/tech-forward/digital-twins-and-generative-ai-a-powerful-pairing
https://www.mediahuis.ie/app/uploads/2024/04/HAI_AI-Index-Report-2024.pdf
https://www.mediahuis.ie/app/uploads/2024/04/HAI_AI-Index-Report-2024.pdf
https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PAPER_EN_V5_P1_3878248.PDF
https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PAPER_EN_V5_P1_3878248.PDF
https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PAPER_EN_V5_P1_3878248.PDF
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Kimi. In Europe, Mistral AI, is redefining efficiency and scalability in AI development and to 
push the boundaries of Open-Source AI58. 

• Impact on productivity and competitiveness: A McKinsey survey reveals that 59% of 
surveyed organisations report revenue increases from implementing AI (including generative 
AI)59. 

• Skills: in 2024, based on Lightcast data, Machine Learning represents 22% of AI skill de-
mand at the EU level. Meanwhile, cutting-edge technologies like Deep Learning and Gener-
ative AI are increasingly revolutionising hiring trends, signalling the beginning of a new era 
in workforce development60. 

Specific technological developments:  
• In terms of Generative Artificial Intelligence (GenAI), the value chain is largely dominated 

by a few major US players, while China is in the race for global leadership and holds a 
dominant position61. Europe’s technology sovereignty as well as its economic and geopolit-
ical development and leadership are at stake GenAI disruption is also an opportunity for 
Europe to provide alternatives to foreign technologies.62 

• In 2023, a total of 149 foundation models were released, more than double the amount 
released in 2022. Of these newly released models, 65.7% were open-source, compared to 
only 44.4% in 2022 and 33.3% in 2021.In 2023, 61 AI models originated from U.S.-based 
institutions, far outpacing the European Union’s 21 and China’s 1563. However, on 10 select 
AI benchmarks, closed models outperformed open ones, with a median performance ad-
vantage of 24.2%.  

  

 
58 Retrieved from:  https://aiworld.eu/  
59 Retrieved from:  https://www.mediahuis.ie/app/uploads/2024/04/HAI_AI-Index-Report-2024.pdf  
60 Retrieved from:  https://aiworld.eu/ 
61Retrieved from: https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-
90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PA-
PER_EN_V5_P1_3878248.PDF  
62Retrieved from: https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-
90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PA-
PER_EN_V5_P1_3878248.PDF  
63 Retrieved from:  https://www.mediahuis.ie/app/uploads/2024/04/HAI_AI-Index-Report-2024.pdf  

https://aiworld.eu/
https://www.mediahuis.ie/app/uploads/2024/04/HAI_AI-Index-Report-2024.pdf
https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PAPER_EN_V5_P1_3878248.PDF
https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PAPER_EN_V5_P1_3878248.PDF
https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PAPER_EN_V5_P1_3878248.PDF
https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PAPER_EN_V5_P1_3878248.PDF
https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PAPER_EN_V5_P1_3878248.PDF
https://single-market-economy.ec.europa.eu/document/download/f8d5d980-eba4-4fd7-90ad-0d01c3e2855f_en?filename=SWD_2025_12_F1_OTHER_STAFF_WORKING_PAPER_EN_V5_P1_3878248.PDF
https://www.mediahuis.ie/app/uploads/2024/04/HAI_AI-Index-Report-2024.pdf
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3. A proposed Taxonomy on AI Technology  

3.1. Approach towards taxonomy building  

To develop a taxonomy of AI, multiple sources of information were analysed, including: 1) fore-
sight literature reports; 2) portfolios of leading RTOs and research institutes; 3) Strategic Re-
search and Innovation agendas of European Partnerships; 4) ERC and EIC project portfolio; 5) 
Existing taxonomies.  

The table below provides an overview of recent literature sources providing an AI taxonomy. 

• OECD AI policy observatory64 

• Adra (2024) - Policy paper and technology roadmap GenAI and robotics 4EU65 

• EU-U.S. Terminology and Taxonomy for Artificial Intelligence - Second Edition66 

• JRC (2024). Eyes on the Future - Signals from recent reports on emerging technologies 
and breakthrough innovations to support European Innovation Council strategic intelli-
gence - Volume 1.267  

• AIWorld classification68 

• AI Index Report (2024): Annual Report. AI Index Steering Committee, Institute for Human-
Cantered AI. Authors: Nestor Maslej, Loredana Fattorini, Raymond Perrault et al., Stan-
ford University CA, April 2024. 

• Epoch AI, ‘Parameter, Compute and Data Trends in Machine Learning’. Published online 
at epoch.ai. Retrieved from: ‘https://epoch.ai/data/notable-ai-models’ [online resource] 

• EMI Methodological Report (2024)69 

• Creation of a Taxonomy for the European AI Ecosystem: A Report of the Cross-KIC Ac-
tivity70 

• OECD Framework for the Classification of AI systems71 

• Artificial Intelligence and the Evolution of AI (Model) Capabilities A Conceptual Primer72 

 
64 Retrieved from:  https://oecd.ai/en  
65Retrieved from:  https://adr-association.eu/news/adra-releases-policy-paper-and-technology-roadmap-ge-
nai-and-robotics-4eu  
66 Retrieved from: https://digital-strategy.ec.europa.eu/en/library/eu-us-terminology-and-taxonomy-artificial-
intelligence-second-edition  
67 Bailey, G., Farinha, J., Mochan, A. and Polvora, A., Eyes on the Future - Signals from recent reports on 
emerging technologies and breakthrough innovations to support European Innovation Council strategic intel-
ligence - Volume 1, Publications Office of the European Union, Luxembourg, 2024, doi:10.2760/355, 
JRC137811. 
68 Retrieved from:  https://aiworld.eu/  
69Retrieved from:https://monitor-industrial-ecosystems.ec.europa.eu/sites/default/files/2023-12/EMI%20Meth-
odological%20Report.pdf  
70 Retrieved from:  https://eit.europa.eu/sites/default/files/creation_of_a_taxonomy_for_the_euro-
pean_ai_ecosystem_final.pdf  
71Retrieved from:https://www.oecd.org/en/publications/oecd-framework-for-the-classification-of-ai-sys-
tems_cb6d9eca-en.html  
72 Retrieved from: https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-
document-pdf-analyzed/B4DZTapqukGkAY-
/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE  

https://oecd.ai/en
https://adr-association.eu/news/adra-releases-policy-paper-and-technology-roadmap-genai-and-robotics-4eu
https://adr-association.eu/news/adra-releases-policy-paper-and-technology-roadmap-genai-and-robotics-4eu
https://digital-strategy.ec.europa.eu/en/library/eu-us-terminology-and-taxonomy-artificial-intelligence-second-edition
https://digital-strategy.ec.europa.eu/en/library/eu-us-terminology-and-taxonomy-artificial-intelligence-second-edition
https://aiworld.eu/
https://monitor-industrial-ecosystems.ec.europa.eu/sites/default/files/2023-12/EMI%20Methodological%20Report.pdf
https://monitor-industrial-ecosystems.ec.europa.eu/sites/default/files/2023-12/EMI%20Methodological%20Report.pdf
https://eit.europa.eu/sites/default/files/creation_of_a_taxonomy_for_the_european_ai_ecosystem_final.pdf
https://eit.europa.eu/sites/default/files/creation_of_a_taxonomy_for_the_european_ai_ecosystem_final.pdf
https://www.oecd.org/en/publications/oecd-framework-for-the-classification-of-ai-systems_cb6d9eca-en.html
https://www.oecd.org/en/publications/oecd-framework-for-the-classification-of-ai-systems_cb6d9eca-en.html
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
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• Beckert, B., & Kroll, H. (2024). Definition of the research and innovation field of" Artificial 
Intelligence" and approaches to determining quality (No. 88). Fraunhofer ISI Discussion 
Papers-Innovation Systems and Policy Analysis. 

• CSET (2022): Counting AI Research: Exploring AI Research Output in English- and Chi-
nese-Language Sources. Center for Security and Emerging Technology (CSET). Author: 
Daniel Chou, Washington D.C.; CSET, July, https://cset.georgetown.edu/publica-
tion/counting-ai-research/. 

• OECD (2023): What technologies are at the core of AI? An exploration based on patent 
data. Authors: Flavio Calvino, Chiara Criscuolo, Hélène Dernis, Lea Samek, OECD Arti-
ficial Intelligence Papers, No. 6, OECD Publishing, Paris, 
https://doi.org/10.1787/32406765-en. 

Table 7 - Review of recent AI taxonomies 

3.2. Proposed AI taxonomy 

For this work, the taxonomy was clustered into “innovation in AI”, “innovation with AI” (capabili-
ties) and “AI application areas”. The figure below provides a high-level overview of the proposed 
AI taxonomy.  

 
Figure 13 - High-level overview of the proposed AI taxonomy. Source: Technopolis Group (2025) 

The table below provides an overview of how our proposed taxonomy is aligned with the guide-
lines on AI system definition73. 

 

 
73 Retrieved from:  https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-sys-
tem-definition-facilitate-first-ai-acts-rules-application  

https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
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EU Guide-
line on AI 
system defi-
nition 

Definition Proposed taxonomy and argumentation 

 

Machine 
Based Sys-
tem 

 

The entire lifecycle of advanced 
AI systems relies on machines 
that can include many hard-
ware or software components. 
The term ‘machine-based’ co-
vers a wide variety of computa-
tional systems (e.g., traditional 
computing systems, quantum 
computing systems). 

• AI as Machine Based System – 
this category of the taxonomy 
encompasses software and 
hardware components of AI. 
More specifically, it includes Appli-
cation Programming Interface, 
High-Performance Computing for 
AI, Edge-AI synergies and AI 
hardware components such as 
graphic processing units etc. 

Autonomy AI systems are designed to oper-
ate with ‘some degree of inde-
pendence of actions from human 
involvement and of capabilities 
to operate without human inter-
vention 

• AI paradigms – reflect the hu-
man-machine interaction and au-
tonomy level of the AI (e.g., gen-
eral purpose AI (AGI) is a type of 
highly autonomous artificial intelli-
gence (AI) that matches or sur-
passes human cognitive capabili-
ties). 

• AI capabilities – also reflect the 
capacity of AI to autonomously 
generate outputs such as predic-
tions, content, recommendations, 
or decisions that can influence 
physical or virtual environments). 

• AI Ethics & Sustainability Fair-
ness – covers such as trustworthy 
AI, human-centric AI and explain-
able AI that are crucial compo-
nents for AI autonomous opera-
tion. 

Adaptive-
ness (self-
learning ca-
pabilities) 

Adaptiveness’ refers to self-
learning capabilities, allowing the 
behaviour of the system to 
change while in use. The new 
behaviour of the adapted system 
may produce different results 
from the previous system for the 
same inputs. 

• Machine learning – reflects self-
learning approaches (e.g., Self-
supervised learning under ma-
chine learning) that enable the 
adaptiveness of AI. 

• AI paradigms – reflect the hu-
man-machine interaction (e.g., 
Agentic AI) and types of AI that 
can adapt.  

AI system 
objectives 
(explicit and 
implicit ob-
jectives) 

Explicit objectives refer to clearly 
stated goals that are directly en-
coded by the developer into the 
system. 

 

Implicit objectives refer to goals 
that are not explicitly stated but 
may be deduced from the behav-
iour or underlying assumptions of 
the system 

• AI paradigms – Narrow AI (en-
compasses artificial intelligence 
systems purpose-built for specific, 
well-defined tasks or applica-
tions), Agentic AI (a probabilistic 
technology with high adaptability 
to changing environments and 
events). 
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Inferencing 
how to gen-
erate out-
puts using 
AI tech-
niques 

Capability to infer refers to the 
process of obtaining the outputs, 
such as predictions, content, rec-
ommendations, or decisions, 
which can influence physical and 
virtual environments, and to a ca-
pability of AI systems to derive 
models or algorithms, or both, 
from inputs or data.  

 

The techniques that enable infer-
ence while building an AI system 
include machine learning ap-
proaches that learn from data 
how to achieve certain objec-
tives, and logic- and knowledge-
based approaches that infer from 
encoded knowledge or symbolic 
representation of the task to be 
solved. 

• Machine learning – inference is 
the process that a trained machine 
learning model uses to draw con-
clusions from brand-new data. An 
AI model capable of making infer-
ences can do so without examples 
of the desired result. 

• Neural Networks - Neural net-
works have become one of the 
most important tools for artificial 
intelligence (AI). Well-designed 
and trained NNs can perform in-
ference (e.g., make decisions or 
predictions) on unseen inputs with 
high accuracy. 

• Types of models - With LLMs, for 
example, the model can infer what 
word comes next from a prompt 
and produce sentences and para-
graphs. 

Outputs that 
can influ-
ence physi-
cal or virtual 
environ-
ments 

The ability of a system to gener-
ate outputs, such as predictions, 
content, and recommendations, 
based on inputs it receives and 
using machine learning and logic 
and knowledge-based ap-
proaches, is fundamental to what 
AI systems do and what distin-
guishes those systems from 
other forms of software. The ca-
pacity to generate outputs and 
the type of output the system can 
generate is central to under-
standing the functionality and im-
pact of an AI system. 

  

• AI capabilities – reflect capabili-
ties such as NLP, Computer audi-
tion, Computer vision, Computer 
linguistics, Reasoning & decision-
making, AI forecasting and predic-
tion, AI (scientific) discovery, AI 
planning, AI creation / generation, 
Conversational AI & virtual assis-
tants. 

 

Interaction 
with the en-
vironment 

That element should be under-
stood to emphasise the fact that 
AI systems are not passive, but 
actively impact the environments 
in which they are deployed. Ref-
erence to ‘physical or virtual en-
vironments’ indicates that the in-
fluence of an AI system may be 
both to tangible, physical objects 
(e.g. robot arm) and to virtual en-
vironments, including digital 
spaces, data flows, and software 
ecosystems. 

• AI applications - capability of AI, 
i.e. interaction with other systems 
(both physical such as vehicles or 
robots or digital such as Digital 
Twins.  

Table 8 - Overview of the alignment between the proposed taxonomy and the Guideline on AI system definition. 
Source: Technopolis group (2025) 
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AI applications and AI Ethics, fairness & responsibility categories are cross-cutting and can be 
attributed to all seven components of AI system definition. 

 

3.2.1. Taxonomy – innovation in AI 

 
74 Discussed during the validation workshop 
75 Discussed during the validation workshop 

Innovation in AI 

Keyword Description Disruption 
potential74 

Technology 
maturity75 

Source 

AI paradigms 

Neuro-
symbolic 
AI (former 
Hybrid AI) 

Neurosymbolic AI (formerly known 
as Hybrid AI) is an advanced ap-
proach to artificial intelligence that 
combines symbolic reasoning (tradi-
tional rule-based AI) with neural net-
works (machine learning and deep 
learning). This fusion aims to over-
come the limitations of both para-
digms, creating AI systems that are 
more powerful, interpretable, and 
generalisable. 

 

High Emerging https://arxiv.
org/abs/230
5.00813 

Open-
source AI  

Open-source AI refers to artificial in-
telligence projects, models, and tools 
that are publicly available for use, 
modification, and distribution. These 
projects are often developed collabo-
ratively by communities of research-
ers, developers, and organisations. 
For example: EUROLLM. 

High Emerging https://in-
teroperable-
eu-
rope.ec.eu-
ropa.eu/col-
lection/open-
source-ob-
servatory-
osor/news/e
urollm-pio-
neering-eu-
ropean-
open-
source-ai  

AI Agent AI Agents represent the integration 
of multiple AI capabilities, such as 
reasoning, perception, and action, 
into a single, autonomous entity ca-
pable of performing complex tasks 
without direct human intervention. 

High R&D https://ai-
world.eu/tec
hnology/ai-
agent 

 

https://arxiv.org/abs/2305.00813
https://arxiv.org/abs/2305.00813
https://arxiv.org/abs/2305.00813
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://interoperable-europe.ec.europa.eu/collection/open-source-observatory-osor/news/eurollm-pioneering-european-open-source-ai
https://aiworld.eu/technology/ai-agent
https://aiworld.eu/technology/ai-agent
https://aiworld.eu/technology/ai-agent
https://aiworld.eu/technology/ai-agent
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These AI Agents are more sophisti-
cated than simple algorithms or reac-
tive systems, blending different tech-
nologies like Reinforcement Learn-
ing, NLP, and Computer Vision. His-
torically, the concept of AI Agents 
emerged as researchers sought to 
build systems that could not only 
make decisions but also adapt, learn 
from experience, and interact with 
their environment dynamically. This 
has allowed AI Agents to transition 
from basic virtual assistants to sys-
tems that power autonomous vehi-
cles, robotic machinery, and ad-
vanced recommendation systems. 

Multi-
agent 
systems 

A multi-agent system (MAS or "self-
organised system") is a computer-
ised system composed of multiple in-
teracting intelligent agents.[1] Multi-
agent systems can solve problems 
that are difficult or impossible for an 
individual agent or a monolithic sys-
tem to solve. MAS intelligence may 
include methodic, functional, proce-
dural approaches, algorith-
mic search or reinforcement learn-
ing. With advancements in LLMs, 
LLM-based multi-agent systems 
have emerged as a new area of re-
search, enabling more sophisticated 
interactions and coordination among 
agents. 

Unlike single-agent systems that op-
erate independently, multi-agent sys-
tems orchestrate multiple AI agents 
to work together toward shared 
goals. 

High R&D https://tech-
commu-
nity.mi-
crosoft.com/
blog/aiplat-
form-
blog/the-fu-
ture-of-ai-ex-
ploring-
multi-agent-
ai-sys-
tems/42265
93  

Genera-
tive AI 

Generative AI (GenAI) refers to a 
branch of Artificial Intelligence that 
goes beyond traditional AI tasks like 
classification and prediction by creat-
ing entirely new outputs. Unlike mod-
els that simply identify or categorise 
patterns, GenAI models, such as 

High Deployment https://ai-
world.eu/con
cept/genera-
tive-ai 

 

https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://techcommunity.microsoft.com/blog/aiplatformblog/the-future-of-ai-exploring-multi-agent-ai-systems/4226593
https://aiworld.eu/concept/generative-ai
https://aiworld.eu/concept/generative-ai
https://aiworld.eu/concept/generative-ai
https://aiworld.eu/concept/generative-ai
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Generative Adversarial Networks 
and Transformer-based models like 
GPT, learn to replicate patterns in 
data and generate novel content, 
whether it be text, images, music, or 
code. At its core, GenAI aims to 
mimic human creativity, enabling ma-
chines to generate content that re-
sembles human-generated work. 
Built upon Deep Learning models, 
GenAI technologies are transforming 
AI from purely functional tools into 
creators capable of producing origi-
nal content that can closely resemble 
human creativity. 

 

Recursive 
Self-im-
proving 
Agents 

Self-improvement can happen at 
multiple levels of sophistication. Nar-
row self-improvement: In this cate-
gory, an agent improves its perfor-
mance within the context of a fixed 
operating environment or goal. A 
simple form of such narrow improve-
ment is an LLM-based agent that 
monitors its own performance and 
can autonomously launch a fine-tun-
ing loop to retrain its LLM on a new 
dataset when it detects that its per-
formance is deviating from an ac-
ceptable range. Broad self-improve-
ment: This category encompasses 
broader and more sophisticated mo-
dalities including agents that can cre-
ate tools, modify their own architec-
ture, and even create new agents 

Medium Emerging https://www.
emer-
gence.ai/blo
g/self-im-
proving-
agents  

Validation 
Workshop 

Decision 
intelli-
gence 

Decision intelligence is the applica-
tion of AI and machine learning tech-
nologies, along with data fusion, data 
visualisation and collaboration tools, 
to augment and improve decision 
making. 

Medium Emerging https://www.
cognyte.com
/nex-
yte/what-is-
decision-in-
telligence/  

Validation 
Workshop 

https://www.emergence.ai/blog/self-improving-agents
https://www.emergence.ai/blog/self-improving-agents
https://www.emergence.ai/blog/self-improving-agents
https://www.emergence.ai/blog/self-improving-agents
https://www.emergence.ai/blog/self-improving-agents
https://www.emergence.ai/blog/self-improving-agents
https://www.cognyte.com/nexyte/what-is-decision-intelligence/
https://www.cognyte.com/nexyte/what-is-decision-intelligence/
https://www.cognyte.com/nexyte/what-is-decision-intelligence/
https://www.cognyte.com/nexyte/what-is-decision-intelligence/
https://www.cognyte.com/nexyte/what-is-decision-intelligence/
https://www.cognyte.com/nexyte/what-is-decision-intelligence/
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Multi-
modal 
(gen) AI 

Multimodal Generative AI refers to 
artificial intelligence models that can 
process and generate multiple types 
of data, such as text, images, audio, 
and video, simultaneously. Unlike 
unimodal AI, which specialises in a 
single type of data (e.g., text-only 
models like GPT), multimodal AI in-
tegrates and understands different 
data formats to produce richer and 
more context-aware outputs. 

 

Medium R&D https://www.i
bm.com/thin
k/topics/mul-
timodal-ai 

Embod-
ied AI 

Embodied AI creates intelligent 
agents that perceive, understand, 
and interact with the physical world. 

Medium R&D Workshop 

Weak 
AI/Narrow 
AI/Spe-
cific AI 

Narrow AI, also known as Weak AI or 
Artificial Narrow Intelligence, refers 
to AI systems that are designed to 
perform a specific task or a set of 
closely related tasks. 

 

Medium R&D https://deep
ai.org/ma-
chine-learn-
ing-glossary-
and-
terms/nar-
row-ai 

General 
purpose 
AI/Strong 
AI 

Strong artificial intelligence, or strong 
AI, also known as artificial general in-
telligence (AGI) or general AI, is a hy-
pothetical form of AI that, if it could 
be developed, would possess intelli-
gence and self-awareness equal to 
those of humans, and the ability to 
solve an unlimited range of prob-
lems. 

 

Medium R&D https://www.i
bm.com/thin
k/top-
ics/strong-ai 

Classic 
Symbolic 
AI 

Symbolic AI uses tools such as logic 
programming, production rules, se-
mantic nets and frames, and it devel-
oped applications such as 
knowledge-based systems (in partic-
ular, expert systems), symbolic 
mathematics, automated theorem 
provers, ontologies, the semantic 
web, and automated planning and 
scheduling systems. 

Medium Deployment https://knowl
edge-
zone.co.in/p
osts/659259
4431e96c93
0978f096  

Workshop 

https://www.ibm.com/think/topics/multimodal-ai
https://www.ibm.com/think/topics/multimodal-ai
https://www.ibm.com/think/topics/multimodal-ai
https://www.ibm.com/think/topics/multimodal-ai
https://deepai.org/machine-learning-glossary-and-terms/narrow-ai
https://deepai.org/machine-learning-glossary-and-terms/narrow-ai
https://deepai.org/machine-learning-glossary-and-terms/narrow-ai
https://deepai.org/machine-learning-glossary-and-terms/narrow-ai
https://deepai.org/machine-learning-glossary-and-terms/narrow-ai
https://deepai.org/machine-learning-glossary-and-terms/narrow-ai
https://deepai.org/machine-learning-glossary-and-terms/narrow-ai
https://www.ibm.com/think/topics/strong-ai
https://www.ibm.com/think/topics/strong-ai
https://www.ibm.com/think/topics/strong-ai
https://www.ibm.com/think/topics/strong-ai
https://knowledgezone.co.in/posts/6592594431e96c930978f096
https://knowledgezone.co.in/posts/6592594431e96c930978f096
https://knowledgezone.co.in/posts/6592594431e96c930978f096
https://knowledgezone.co.in/posts/6592594431e96c930978f096
https://knowledgezone.co.in/posts/6592594431e96c930978f096
https://knowledgezone.co.in/posts/6592594431e96c930978f096


 

39 
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Expert 
system 

An expert system is a computer pro-
gramme that uses artificial intelli-
gence (AI) technologies to simulate 
the judgment and behaviour of a hu-
man or an organisation that has ex-
pertise and experience in a particular 
field. Expert systems are usually in-
tended to complement, not replace, 
human experts. 

Low Deployment https://online
li-
brary.wiley.c
om/jour-
nal/1468039
4  

Types of models 

Vision 
Language 
Models 

Vision language models are models 
that can learn simultaneously from 
images and texts to tackle many 
tasks, from visual question answer-
ing to image captioning 

High R&D https://hug-
ging-
face.co/blog/
vlms 

Founda-
tion mod-
els 

Foundation models are artificial intel-
ligence (AI) models trained on vast, 
immense datasets and can fulfil a 
broad range of general tasks. They 
serve as the base or building blocks 
for crafting more specialised applica-
tions. 

High R&D  https://www.i
bm.com/thin
k/top-
ics/founda-
tion-models 

Small 
Language 
Models 
(SLM) 

Small language models (SLMs) are 
compact versions of LLMs designed 
to deliver efficient NLP capabilities 
while requiring significantly fewer 
computational resources. Unlike 
massive models with billions of pa-
rameters, SLMs typically have a few 
million to a few hundred million pa-
rameters.76 

 

High Deployment https://www.i
bm.com/thin
k/top-
ics/small-
language-
models  

Large lan-
guage 
models 

LLMs are a category of foundation 
models trained on immense amounts 
of data making them capable of un-
derstanding and generating natural 
language and other types of content 
to perform a wide range of tasks. 

High Deployment https://www.i
bm.com/thin
k/top-
ics/large-lan-
guage-mod-
els 

https://onlinelibrary.wiley.com/journal/14680394
https://onlinelibrary.wiley.com/journal/14680394
https://onlinelibrary.wiley.com/journal/14680394
https://onlinelibrary.wiley.com/journal/14680394
https://onlinelibrary.wiley.com/journal/14680394
https://onlinelibrary.wiley.com/journal/14680394
https://huggingface.co/blog/vlms
https://huggingface.co/blog/vlms
https://huggingface.co/blog/vlms
https://huggingface.co/blog/vlms
https://www.ibm.com/think/topics/foundation-models
https://www.ibm.com/think/topics/foundation-models
https://www.ibm.com/think/topics/foundation-models
https://www.ibm.com/think/topics/foundation-models
https://www.ibm.com/think/topics/foundation-models
https://www.ibm.com/think/topics/small-language-models
https://www.ibm.com/think/topics/small-language-models
https://www.ibm.com/think/topics/small-language-models
https://www.ibm.com/think/topics/small-language-models
https://www.ibm.com/think/topics/small-language-models
https://www.ibm.com/think/topics/small-language-models
https://www.ibm.com/think/topics/large-language-models
https://www.ibm.com/think/topics/large-language-models
https://www.ibm.com/think/topics/large-language-models
https://www.ibm.com/think/topics/large-language-models
https://www.ibm.com/think/topics/large-language-models
https://www.ibm.com/think/topics/large-language-models
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Frontier 
Models 

 

Frontier Models represent the cut-
ting-edge of Artificial Intelligence, re-
ferring to the most advanced and 
powerful AI systems pushing the 
boundaries of what is technologically 
possible. These models are typically 
large-scale Neural Networks with im-
mense computational power, often 
designed to tackle unprecedented 
challenges in fields such as NLP, and 
multi-modal tasks. Frontier Models 
aim to solve increasingly complex 
problems that traditional models 
struggle with, from strategic deci-
sion-making in games to real-time 
language understanding across di-
verse contexts. These models are 
frequently associated with high-im-
pact AI research, marking significant 
milestones in the development of 
more sophisticated and capable AI 
systems. 

Medium Emerging https://ai-
world.eu/con
cept/frontier-
models 

 

Large 
world 
model 
(LWMs) 

LWMs may represent the future of AI, 
extending beyond text, audio and im-
ages to include the entire spectrum 
of our physical and digital realities. 
LWMs will process real-world data 
from various sources, such as IoT 
devices, sensors, cameras and 
more, to comprehend and interact 
with the world in a way that mirrors 
human perception and cognition. 

World Models (WMs) will excel in 
processing diverse data inputs and 
surpass traditional limitations. 

Medium R&D https://www.f
orbes.com/c
ouncils/forbe
stechcoun-
cil/2024/01/2
3/the-next-
leap-in-ai-
from-large-
language-
models-to-
large-world-
models/  

Workshop 

Large 
Concept 
Models 
LCMs  

Concepts (architecture which oper-
ates on an explicit higher-level se-
mantic representation) are language- 
and modality-agnostic and represent 
a higher-level idea or action in a flow. 
The Large Concept Model is trained 
to perform autoregressive sentence 
prediction in an embedding space. 

Medium R&D https://ai.met
a.com/re-
search/publi-
ca-
tions/large-
concept-
models-lan-
guage-mod-
eling-in-a-
sentence-

https://aiworld.eu/concept/frontier-models
https://aiworld.eu/concept/frontier-models
https://aiworld.eu/concept/frontier-models
https://aiworld.eu/concept/frontier-models
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://www.forbes.com/councils/forbestechcouncil/2024/01/23/the-next-leap-in-ai-from-large-language-models-to-large-world-models/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
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representa-
tion-space/ 

Workshop 

Retrieval 
Aug-
mented 
Genera-
tion 

Retrieval Augmented Generation 
(RAG) is a hybrid approach that com-
bines two core AI techniques: re-
trieval-based methods and genera-
tive models. In RAG systems, a 
model first retrieves relevant infor-
mation from external sources or da-
tabases and then uses a generative 
model, like a Transformer, to pro-
duce a coherent and contextually ap-
propriate response based on the re-
trieved data. This approach allows 
the system to generate more accu-
rate and up-to-date answers by rely-
ing on external knowledge, making it 
particularly useful for tasks that re-
quire factual correctness or up-to-
date information. By incorporating re-
trieval mechanisms, RAG enhances 
the generative model's ability to draw 
from a broader pool of information ra-
ther than relying solely on what it has 
been pre-trained on. 

Medium Deployment https://ai-
world.eu/tec
hnology/  

 

Causal AI 
models 

Causal AI is a form of AI designed to 
identify and understand the cause 
and effect of relationships across 
data 

Low R&D https://www.t
ech-
target.com/w
hatis/defini-
tion/causal-
AI  

Workshop 

Neural Networks (part of bio-inspired computing techniques) 

Trans-
formers 

Transformers are a type of Neural 
Network architecture designed to 
process sequential data, focusing on 
understanding the relationships and 
context between elements in a se-
quence. Originally introduced in the 
2017 paper Attention is All You Need 
by Google, Transformers marked a 

High Deployment https://ai-
world.eu/tec
hnol-
ogy/trans-
formers  

https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://ai.meta.com/research/publications/large-concept-models-language-modeling-in-a-sentence-representation-space/
https://aiworld.eu/technology/
https://aiworld.eu/technology/
https://aiworld.eu/technology/
https://www.techtarget.com/whatis/definition/causal-AI
https://www.techtarget.com/whatis/definition/causal-AI
https://www.techtarget.com/whatis/definition/causal-AI
https://www.techtarget.com/whatis/definition/causal-AI
https://www.techtarget.com/whatis/definition/causal-AI
https://www.techtarget.com/whatis/definition/causal-AI
https://aiworld.eu/technology/transformers
https://aiworld.eu/technology/transformers
https://aiworld.eu/technology/transformers
https://aiworld.eu/technology/transformers
https://aiworld.eu/technology/transformers
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major leap in NLP by enabling mod-
els to capture long-range dependen-
cies in data more effectively than pre-
vious methods, like Recurrent Neural 
Networks and Long Short-Term 
Memory Networks. The introduction 
of Transformers revolutionised how 
machines understand and generate 
language, leading to innovations in a 
variety of AI fields.  

Recurrent 
Neural 
Networks 

A recurrent neural network or RNN is 
a deep neural network trained on se-
quential or time series data to create 
a machine learning (ML) model that 
can make sequential predictions or 
conclusions based on sequential in-
puts. An RNN might be used to pre-
dict daily flood levels based on past 
daily flood, tide and meteorological 
data. But RNNs can also be used to 
solve ordinal or temporal prob-
lems such as language transla-
tion, NLP, sentiment analy-
sis, speech recognition and image 
captioning. 

High Deployment https://www.i
bm.com/thin
k/topics/re-
current-neu-
ral-networks 

Attention 
mecha-
nisms in 
CNN 

Attention mechanism has been re-
garded as an advanced technique to 
capture long-range feature interac-
tions and to boost the representation 
capability for convolutional neural 
networks. 

Medium R&D  
https://arxiv.
org/abs/210
8.08205  

Quater-
nion Val-
ued Neu-
ral Net-
work 

Quaternion neural networks have re-
cently received an increasing interest 
due to noticeable improvements over 
real-valued neural networks on real 
world tasks such as image, speech 
and signal processing. The extension 
of quaternion numbers to neural ar-
chitectures reached state-of-the-art 
performances with a reduction of the 
number of neural parameters. 

Medium R&D https://link.s
pringer.com/
arti-
cle/10.1007/
s10462-019-
09752-1 

Evolu-
tionary 

Deep Neural Networks (DNNs) have 
achieved great success in many 

Medium R&D Weak sig-
nals in 

https://www.ibm.com/think/topics/recurrent-neural-networks
https://www.ibm.com/think/topics/recurrent-neural-networks
https://www.ibm.com/think/topics/recurrent-neural-networks
https://www.ibm.com/think/topics/recurrent-neural-networks
https://www.ibm.com/think/topics/recurrent-neural-networks
https://medium.com/@clairenyz/attention-based-convolutional-neural-network-a719693058a7
https://medium.com/@clairenyz/attention-based-convolutional-neural-network-a719693058a7
https://arxiv.org/abs/2108.08205
https://arxiv.org/abs/2108.08205
https://arxiv.org/abs/2108.08205
https://link.springer.com/article/10.1007/s10462-019-09752-1
https://link.springer.com/article/10.1007/s10462-019-09752-1
https://link.springer.com/article/10.1007/s10462-019-09752-1
https://link.springer.com/article/10.1007/s10462-019-09752-1
https://link.springer.com/article/10.1007/s10462-019-09752-1
https://link.springer.com/article/10.1007/s10462-019-09752-1
https://eceuropaeu.sharepoint.com/Users/orestasstrauka/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
https://eceuropaeu.sharepoint.com/Users/orestasstrauka/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
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Neural Ar-
chitecture 
Search 
and Evo-
lutionary 
Computa-
tion 

applications. The architectures of 
DNNs play a crucial role in their per-
formance, which is usually manually 
designed with rich expertise. How-
ever, such a design process is labour 
intensive because of the trial-and-er-
ror process, and not easy to realise 
due to the rare expertise in practice. 
Neural Architecture Search (NAS) is 
a type of technology that can design 
the architectures automatically. 
Among different methods to realise 
NAS, Evolutionary Computation (EC) 
methods have recently gained much 
attention and success.  

 

Science and 
Technolo-
gies - 2024 

Convolu-
tional 
Neural 
Network 
(CNN) 

Convolutional neural networks are 
distinguished from other neural net-
works by their superior performance 
with image, speech or audio signal 
inputs. They have three main types 
of layers, which are: Convolutional 
layer, Pooling layer, Fully connected 
(FC) layer. 

Medium Deployment https://www.i
bm.com/thin
k/topics/con-
volutional-
neural-net-
works  

Long 
Short-
Term 
Memory 
(LSTM) 

Long Short-Term Memory (LSTM) 
networks are a type of Recurrent 
Neural Network designed to better 
capture long-term dependencies in 
sequential data. Unlike traditional 
RNNs, which struggle with remem-
bering information over long se-
quences due to the vanishing gradi-
ent problem, LSTMs incorporate 
memory cells that can retain infor-
mation for long durations. This 
makes LSTMs especially useful for 
tasks that require context from earlier 
in the sequence, such as speech 
recognition, machine translation, and 
time series forecasting. Introduced in 
the 1990s by Hochreiter and Schmid-
huber, LSTMs have since become a 
fundamental architecture in se-
quence-based Machine Learning 
tasks. 

Medium Deployment https://ai-
world.eu/tec
hnol-
ogy/long-
short-term-
memory-net-
work  

https://eceuropaeu.sharepoint.com/Users/orestasstrauka/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
https://eceuropaeu.sharepoint.com/Users/orestasstrauka/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
https://eceuropaeu.sharepoint.com/Users/orestasstrauka/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
https://www.ibm.com/think/topics/convolutional-neural-networks
https://www.ibm.com/think/topics/convolutional-neural-networks
https://www.ibm.com/think/topics/convolutional-neural-networks
https://www.ibm.com/think/topics/convolutional-neural-networks
https://www.ibm.com/think/topics/convolutional-neural-networks
https://www.ibm.com/think/topics/convolutional-neural-networks
https://aiworld.eu/technology/long-short-term-memory-network
https://aiworld.eu/technology/long-short-term-memory-network
https://aiworld.eu/technology/long-short-term-memory-network
https://aiworld.eu/technology/long-short-term-memory-network
https://aiworld.eu/technology/long-short-term-memory-network
https://aiworld.eu/technology/long-short-term-memory-network
https://aiworld.eu/technology/long-short-term-memory-network
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Genera-
tive Ad-
versarial 
Networks 

Generative Adversarial Networks 
(GANs) are a class of Machine 
Learning models designed to gener-
ate new data samples that resemble 
a given dataset. Introduced by Ian 
Goodfellow in 2014, GANs consist of 
two Neural Networks, a generator 
and a discriminator, that compete 
against each other in a zero-sum 
game. The generator creates fake 
data, while the discriminator at-
tempts to distinguish between real 
and fake data. Over time, the gener-
ator becomes increasingly better at 
producing realistic data that can fool 
the discriminator. GANs are widely 
used in various fields, from creating 
realistic images to generating syn-
thetic data for training other AI mod-
els, pushing the boundaries of AI’s 
creative and generative capabilities. 

Medium Deployment https://ai-
world.eu/tec
hnol-
ogy/genera-
tive-adver-
sarial-net-
works 

 

AI as Machine Based System 

Quantum 
for AI and 
AI for 
Quantum  

AI has opened new avenues for au-
tomated control of quantum systems. 
In particular, the application of AI can 
provide invaluable insight into the 
complex and multifaceted domain of 
quantum physics to accelerate the 
discovery of quantum physics laws, 
and can potentially alleviate chal-
lenges that have been historically as-
sociated with QC and quantum com-
munication. On the other hand, QC 
can also be used to enhance AI ap-
plications 

High Emerging https://link.s
pringer.com/
arti-
cle/10.1007/
s11082-023-
04914-6  

Workshop 

Chips for 
AI 

AI chips include graphics processing 
units (GPUs), field-programmable 
gate arrays (FPGAs), and applica-
tion-specific integrated circuits 
(ASICs) that are specialised for AI. 
General-purpose chips like central 
processing units (CPUs) can also be 
used for some simpler AI tasks, but 

High R&D https://cset.g
eorgetown.e
du/publica-
tion/ai-chips-
what-they-
are-and-
why-they-
matter/  

https://aiworld.eu/technology/generative-adversarial-networks
https://aiworld.eu/technology/generative-adversarial-networks
https://aiworld.eu/technology/generative-adversarial-networks
https://aiworld.eu/technology/generative-adversarial-networks
https://aiworld.eu/technology/generative-adversarial-networks
https://aiworld.eu/technology/generative-adversarial-networks
https://aiworld.eu/technology/generative-adversarial-networks
https://link.springer.com/article/10.1007/s11082-023-04914-6
https://link.springer.com/article/10.1007/s11082-023-04914-6
https://link.springer.com/article/10.1007/s11082-023-04914-6
https://link.springer.com/article/10.1007/s11082-023-04914-6
https://link.springer.com/article/10.1007/s11082-023-04914-6
https://link.springer.com/article/10.1007/s11082-023-04914-6
https://cset.georgetown.edu/publication/ai-chips-what-they-are-and-why-they-matter/
https://cset.georgetown.edu/publication/ai-chips-what-they-are-and-why-they-matter/
https://cset.georgetown.edu/publication/ai-chips-what-they-are-and-why-they-matter/
https://cset.georgetown.edu/publication/ai-chips-what-they-are-and-why-they-matter/
https://cset.georgetown.edu/publication/ai-chips-what-they-are-and-why-they-matter/
https://cset.georgetown.edu/publication/ai-chips-what-they-are-and-why-they-matter/
https://cset.georgetown.edu/publication/ai-chips-what-they-are-and-why-they-matter/
https://cset.georgetown.edu/publication/ai-chips-what-they-are-and-why-they-matter/
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CPUs are becoming less and less 
useful as AI advance 

Workshop 

HPC for 
AI and AI 
for HPC 

HPC and AI can be used in a variety 
of fields, including researchers work-
ing in laboratories, engineers solving 
complex technical problems. More 
specifically:  

• Data driven ML algorithms 
(probabilistic) that generate 
the model 

• New workloads need opti-
misation of HPC systems 
for AI tasks 

• New applications on texts 
and images 

• With Deep Learning compu-
tational power becomes one 
key element (data - algo-
rithms - compute). 

Overall, AI can make HPC far more 
productive and powerful by analysing 
and optimising HPC simulations, re-
ducing energy consumption and 
even improving the algorithms used. 
On the other hand, HPC makes AI 
possible, by providing the raw power 
to train extremely large AI models 
quickly and efficiently. In other 
words, HPC provide the necessary 
supercomputing infrastructure. Spe-
cifically, HPC enables: 

• Faster Training Times 
• Larger Model Scalability 
• Cost-Effective 
• Improved Accuracy. 

High R&D  https://www.
nvidia.com/e
n-us/high-
perfor-
mance-com-
puting/hpc-
and-ai/  

https://www.
data-
spaces-sym-
po-
sium.eu/wp-
content/up-
loads/2024/0
3/HPC-
meets-the-
demands-of-
AI-and-
Data_con-
solidated_fi-
nal.pdf  

https://www.
zet-
tascale.hpc.
cam.ac.uk/w
p-con-
tent/up-
loads/2023/1
1/HPC-AI-
Primer.pdf  

https://inldig-
italli-
brary.inl.gov/
sites/sti/sti/S
ort_66234.p
df  

Hardware 
for 

The hardware components refer to 
the physical elements of the ma-
chine, such as processing units, 
memory, storage devices, 

High Deployment https://digi-
tal-strat-
egy.ec.eu-
ropa.eu/en/li

https://www.nvidia.com/en-us/high-performance-computing/hpc-and-ai/
https://www.nvidia.com/en-us/high-performance-computing/hpc-and-ai/
https://www.nvidia.com/en-us/high-performance-computing/hpc-and-ai/
https://www.nvidia.com/en-us/high-performance-computing/hpc-and-ai/
https://www.nvidia.com/en-us/high-performance-computing/hpc-and-ai/
https://www.nvidia.com/en-us/high-performance-computing/hpc-and-ai/
https://www.nvidia.com/en-us/high-performance-computing/hpc-and-ai/
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.data-spaces-symposium.eu/wp-content/uploads/2024/03/HPC-meets-the-demands-of-AI-and-Data_consolidated_final.pdf
https://www.zettascale.hpc.cam.ac.uk/wp-content/uploads/2023/11/HPC-AI-Primer.pdf
https://www.zettascale.hpc.cam.ac.uk/wp-content/uploads/2023/11/HPC-AI-Primer.pdf
https://www.zettascale.hpc.cam.ac.uk/wp-content/uploads/2023/11/HPC-AI-Primer.pdf
https://www.zettascale.hpc.cam.ac.uk/wp-content/uploads/2023/11/HPC-AI-Primer.pdf
https://www.zettascale.hpc.cam.ac.uk/wp-content/uploads/2023/11/HPC-AI-Primer.pdf
https://www.zettascale.hpc.cam.ac.uk/wp-content/uploads/2023/11/HPC-AI-Primer.pdf
https://www.zettascale.hpc.cam.ac.uk/wp-content/uploads/2023/11/HPC-AI-Primer.pdf
https://www.zettascale.hpc.cam.ac.uk/wp-content/uploads/2023/11/HPC-AI-Primer.pdf
https://www.zettascale.hpc.cam.ac.uk/wp-content/uploads/2023/11/HPC-AI-Primer.pdf
https://inldigitallibrary.inl.gov/sites/sti/sti/Sort_66234.pdf
https://inldigitallibrary.inl.gov/sites/sti/sti/Sort_66234.pdf
https://inldigitallibrary.inl.gov/sites/sti/sti/Sort_66234.pdf
https://inldigitallibrary.inl.gov/sites/sti/sti/Sort_66234.pdf
https://inldigitallibrary.inl.gov/sites/sti/sti/Sort_66234.pdf
https://inldigitallibrary.inl.gov/sites/sti/sti/Sort_66234.pdf
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
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artificial 
intelli-
gence 

networking units, and input/output in-
terfaces, which provide the infra-
structure for computation. More spe-
cifically: 
• Compute performance relies 

on central processing units 
(CPUs) and accelerators, 
graphics-processing units 
(GPUs), field programmable 
gate arrays (FPGAs), and ap-
plication-specific integrated cir-
cuits (ASICs). 

• AI applications have high 
memory-bandwidth require-
ments, since computing layers 
within deep neural networks 
must pass input data to thou-
sands of cores as quickly as 
possible. Memory is required,  
typically dynamic random-ac-
cess memory (DRAM),  to store 
input data, weight model pa-
rameters, and perform other 
functions during both inference 
and training. 

• AI applications generate vast 
volumes of data, about 80 exa-
bytes per year, which is ex-
pected to increase to 845 exa-
bits by 2025. One potential dis-
ruption in storage is new forms 
of non-volatile memory (NVM). 
New forms of NVM have char-
acteristics that fall between tra-
ditional memory, such as 
DRAM, and traditional storage, 
such as NAND flash. They can 
promise higher density than 
DRAM, better performance 
than NAND, and better power 
consumption than both. 

• AI applications require many 
servers during training, and the 
number increases with time. 
For instance, developers only 
need one server to build an 

brary/com-
mission-pub-
lishes-guide-
lines-ai-sys-
tem-defini-
tion-facili-
tate-first-ai-
acts-rules-
application 

https://www.
mckin-
sey.com/~/m
edia/McKin-
sey/Indus-
tries/Semi-
conduc-
tors/Our%20
Insights/Arti-
ficial%20in-
telli-
gence%20h
ardware%20
New%20op-
portuni-
ties%20for%
20semicon-
duc-
tor%20com-
panies/Artifi-
cial-intelli-
gence-hard-
ware.ashx  

https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://digital-strategy.ec.europa.eu/en/library/commission-publishes-guidelines-ai-system-definition-facilitate-first-ai-acts-rules-application
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
https://www.mckinsey.com/%7E/media/McKinsey/Industries/Semiconductors/Our%20Insights/Artificial%20intelligence%20hardware%20New%20opportunities%20for%20semiconductor%20companies/Artificial-intelligence-hardware.ashx
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initial AI model and under 100 
to improve its structure. 

Non-sili-
con based 
new para-
digms 

Although these paradigms often dif-
fer from one another significantly, 
there are three common characteris-
tics: the techniques are not based on 
the traditional silicon-based inte-
grated circuit technology; the basic 
computing elements have been 
physically implemented; and many of 
them aim at miniaturisation. 

Medium Emerging https://www.t
echrxiv.org/u
sers/710557
/arti-
cles/122615
4/mas-
ter/file/data/
Wet-Neu-
romorhpic%
20Compu-
tin_Arxiv/We
t-Neu-
romorhpic%
20Compu-
tin_Arxiv.pdf  

Workshop 

Edge AI The fusion of edge computing and AI 
involves processing AI algorithms on 
users’ devices, offering benefits like 
reduced latency, energy efficiency, 
and real-time applications. This inte-
gration allows for real-time data pro-
cessing and decision-making at the 
source, significantly declining latency 
and bandwidth use. The combination 
of edge computing and AI enables 
the development of smarter and 
more responsive applications, such 
as autonomous vehicles, industrial 
IoT, smart home systems, etc. By 
leveraging edge AI, organisations 
can achieve greater efficiency, en-
hanced privacy, and faster insights, 
driving innovation across various 
sectors. 

Medium R&D https://www.i
bm.com/thin
k/top-
ics/edge-ai  

https://arxiv.
org/abs/240
7.04053  

Applica-
tion 

An Application Programming Inter-
face (API) is a set of tools, protocols, 
and standards that allow different 
software applications to communi-
cate and interact. In a nutshell, APIs 

Medium Deployment https://ai-
world.eu/tec
hnology/ap-
plication-

https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.techrxiv.org/users/710557/articles/1226154/master/file/data/Wet-Neuromorhpic%20Computin_Arxiv/Wet-Neuromorhpic%20Computin_Arxiv.pdf
https://www.ibm.com/think/topics/edge-ai
https://www.ibm.com/think/topics/edge-ai
https://www.ibm.com/think/topics/edge-ai
https://www.ibm.com/think/topics/edge-ai
https://arxiv.org/abs/2407.04053
https://arxiv.org/abs/2407.04053
https://arxiv.org/abs/2407.04053
https://aiworld.eu/technology/application-programming-interface
https://aiworld.eu/technology/application-programming-interface
https://aiworld.eu/technology/application-programming-interface
https://aiworld.eu/technology/application-programming-interface
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Program-
ming In-
terface 

act as intermediaries, enabling de-
velopers to access services and 
functionalities from external systems 
without needing to understand their 
internal workings. This makes APIs 
essential for modern software eco-
systems, as they foster integration 
between diverse services and plat-
forms. In the realm of AI, APIs are 
particularly valuable, as they allow AI 
Agents to extend their capabilities by 
connecting with third-party services. 
Instead of building every function in-
ternally, an AI agent can use APIs to 
gather data, access external Ma-
chine Learning models or control ex-
ternal applications. Other benefits of 
Integrating APIs with AI include:  

• Enhanced Functionality: 
APIs allow AI capabilities to 
be easily integrated into ex-
isting applications, adding 
advanced features without 
extensive redevelopment.  

• Scalability: APIs provide a 
scalable way to access AI 
services, allowing applica-
tions to handle varying 
loads efficiently.  

• Interoperability: APIs ena-
ble different AI systems and 
data sources to work to-
gether seamlessly, enhanc-
ing the overall functionality 
of the application. 

program-
ming-inter-
face 

Chintha-
patla, Y. 
(2024). Inte-
grating APIs 
with AI: Rev-
olutionising 
Modern Ap-
plications. 

 

Machine Learning 

Tiny ma-
chine 
learning 

Tiny machine learning is broadly de-
fined as a fast-growing field of ma-
chine learning technologies and ap-
plications including hardware, algo-
rithms, and software capable of per-
forming on-device sensor data ana-
lytics at extremely low power, typi-
cally in the mW range and below, and 

High R&D Weak sig-
nals in Sci-
ence and 
Technolo-
gies - 2024 

https://aiworld.eu/technology/application-programming-interface
https://aiworld.eu/technology/application-programming-interface
https://aiworld.eu/technology/application-programming-interface
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
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hence enabling a variety of always-
on use-cases and targeting battery 
operated devices. 

Privacy-
preserv-
ing ma-
chine 
learning 

Approaches to technically built pri-
vacy-by-design into ML. An ML pro-
cess involves many assets which 
may need to be protected. These in-
clude:  

• Identity Privacy. Protecting 
the data contributor’s iden-
tity is necessary in many 
data collection processes, 
especially when the data 
collected may reveal politi-
cal beliefs, health condi-
tions etc. Achieving identity 
privacy can be seen as en-
suring anonymity of the data 
contributors both from the 
model creators 

• Raw Dataset Privacy. Of-
ten, the raw dataset 𝑍𝑍 con-
tains sensitive information, 
such as the X-ray images 
from the cancer diagnosis 
example, and if compro-
mised the patient’s privacy 
can be violated. 

• Privacy of the model refers 
to the secrecy of the pro-
duced model and its param-
eter. Keeping the model se-
cret is a common goal de-
sired by the model owners, 
who want to stay ahead of 
their competitors. 

Examples of privacy preserving tech-
niques & methods include: 

• Differential privacy – a pri-
vacy method that helps re-
veal useful information 
about a dataset without re-
vealing any private 

High R&D https://www.
sciencedi-
rect.com/topi
cs/com-
puter-sci-
ence/pri-
vacy-pre-
serving-ma-
chine-learn-
ing  

https://www.
alexan-
dra.dk/wp-
content/up-
loads/2020/1
0/Alexandra-
Instituttet-
whitepaper-
Privacy-Pre-
serving-Ma-
chine-Learn-
ing-A-Practi-
cal-
Guide.pdf  

https://www.sciencedirect.com/topics/computer-science/privacy-preserving-machine-learning
https://www.sciencedirect.com/topics/computer-science/privacy-preserving-machine-learning
https://www.sciencedirect.com/topics/computer-science/privacy-preserving-machine-learning
https://www.sciencedirect.com/topics/computer-science/privacy-preserving-machine-learning
https://www.sciencedirect.com/topics/computer-science/privacy-preserving-machine-learning
https://www.sciencedirect.com/topics/computer-science/privacy-preserving-machine-learning
https://www.sciencedirect.com/topics/computer-science/privacy-preserving-machine-learning
https://www.sciencedirect.com/topics/computer-science/privacy-preserving-machine-learning
https://www.sciencedirect.com/topics/computer-science/privacy-preserving-machine-learning
https://www.sciencedirect.com/topics/computer-science/privacy-preserving-machine-learning
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
https://www.alexandra.dk/wp-content/uploads/2020/10/Alexandra-Instituttet-whitepaper-Privacy-Preserving-Machine-Learning-A-Practical-Guide.pdf
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information about an indi-
vidual in the dataset  

• Homomorphic Encryption 
(HE) is a cryptographic 
method that allows compu-
ting on encrypted data, so 
that the decrypted output is 
identical to the output of the 
computation on the original 
unencrypted input. 

• Multi-Party Computation 
(MPC) is a technology that 
allows multiple parties to 
compute a function on their 
private inputs without re-
vealing them 

Private Aggregation of Teacher En-
sembles framework (PATE), which 
trains an ML model with private data 
and provides strong privacy guaran-
tees. 

Fine-tun-
ing 

Fine-tuning is a crucial technique in 
Machine Learning that allows devel-
opers to take a pre-trained model, 
typically trained on large, general-
ised datasets, and adapt it for more 
specific, task-oriented applications. 
This process, closely associated with 
Transfer Learning, leverages the 
knowledge a model has acquired 
from one domain and applies it to an-
other, more focused task. Fine-tun-
ing is particularly valuable in scenar-
ios where obtaining a large dataset 
for training from scratch is impracti-
cal, making it a popular method in do-
mains like NLP. By fine-tuning a pre-
trained model, developers can im-
prove the model’s performance on 
tasks such as sentiment analysis and 
image classification. 

High Deployment https://ai-
world.eu/tec
hnology/fine-
tuning 

 

Fairness-
aware 
machine 

Approaches to technically built fair-
ness-awareness and bias detection 
into AI, and specifically ML. These 

Medium R&D https://link.s
pringer.com/

https://aiworld.eu/technology/fine-tuning
https://aiworld.eu/technology/fine-tuning
https://aiworld.eu/technology/fine-tuning
https://aiworld.eu/technology/fine-tuning
https://link.springer.com/article/10.1007/s10664-023-10402-y
https://link.springer.com/article/10.1007/s10664-023-10402-y
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learning 
tech-
niques 

methods would be helpful for correct-
ing any type of biases. Common fair-
ness metrics include disparate im-
pact, equalised odds, and statistical 
parity difference. Pre-processing 
Techniques: These techniques mod-
ify the training data to reduce bias 
before training the model 

arti-
cle/10.1007/
s10664-023-
10402-y 

Zero, One 
and Few 
Shot 
Learning 

Zero shot: Expands the capabilities 
of AI models by enabling them to per-
form tasks they were not explicitly 
trained on. In this paradigm, models 
make predictions about classes they 
have never encountered during the 
training phase. This is achieved by 
using auxiliary information or by in-
terpreting relationships between dif-
ferent classes.  

One shot: ridges the gap between 
few-shot and zero-shot learning, with 
the model learning from only one ex-
ample per new class. This modality is 
crucial in applications like facial 
recognition systems, where register-
ing a new user with just one photo is 
desirable. One shot learning often 
employs sophisticated techniques to 
extract maximum information from a 
single example balancing generali-
sation with specificity. 

Few shots: Addresses scenarios 
where limited labelled data are avail-
able for a new task. In this modality, 
models learn to generalise from just 
a few examples, typically between 
two to five instances per class, an ap-
proach that is particularly useful in 
real-world applications were obtain-
ing large, labelled datasets is imprac-
tical or prohibitively expensive. Few-
shot learning often leverages meta-
learning techniques, whereby the 
model learns to learn from limited 
data, enabling rapid adaptation to 
new tasks. 

Medium R&D https://me-
dia.licdn.co
m/dms/doc-
ument/me-
dia/v2/D4D1
FA-
QEKkwTxKK
78WQ/feed-
share-docu-
ment-pdf-an-
a-
lyzed/B4DZ
TapqukGkA
Y-
/0/17388351
59295?e=17
42428800&v
=beta&t=oF
Eg_BxU5Xw
PthNcb-
STap5Z0P8l
n1JeJDoD-
WUZL6paE  

https://link.springer.com/article/10.1007/s10664-023-10402-y
https://link.springer.com/article/10.1007/s10664-023-10402-y
https://link.springer.com/article/10.1007/s10664-023-10402-y
https://link.springer.com/article/10.1007/s10664-023-10402-y
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
https://media.licdn.com/dms/document/media/v2/D4D1FAQEKkwTxKK78WQ/feedshare-document-pdf-analyzed/B4DZTapqukGkAY-/0/1738835159295?e=1742428800&v=beta&t=oFEg_BxU5XwPthNcbSTap5Z0P8ln1JeJDoDWUZL6paE
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Transfer 
Learning 

Transfer Learning is a Machine 
Learning technique where a model 
developed for one task is reused as 
the starting point for a model on a 
second, related task. Rather than 
training a model from scratch, Trans-
fer Learning allows the model to lev-
erage knowledge gained from a pre-
vious task to improve performance 
on a new task, especially when the 
new task has limited data. This tech-
nique is particularly powerful in do-
mains where collecting large, la-
belled datasets is challenging or ex-
pensive. Transfer Learning typically 
involves taking a pre-trained model, 
modifying its architecture, and fine-
tuning it on a new dataset, which ac-
celerates training and improves ac-
curacy. 

Medium Deployment https://ai-
world.eu/con
cept/trans-
fer-learning 

 

Learning 
with Re-
duced La-
belling 

Weakly supervised labelling setting 
known as Learning with Reduced La-
bels with less expensive long-tailed 
data. Instead of selecting all super-
vised labels from an extensive se-
quence of classes, RL only requires 
annotators to determine whether the 
limited set of candidate labels con-
tains the correct class label. 

Low R&D https://arxiv.
org/pdf/2403
.16469 

Federated 
Deep 
learning 

Federated Learning (FL) is an 
emerging framework for distributed 
processing of large data volumes by 
edge devices subject to limited com-
munication bandwidths, heterogene-
ity in data distributions and computa-
tional resources, as well as privacy 
considerations. 

Low R&D Weak sig-
nals in Sci-
ence and 
Technolo-
gies - 2024 

Super-
vised, un-
super-
vised and 
rein-
forced 

Different types of learning ap-
proaches to train algorithms.  

Supervised learning is a category of 
machine learning that uses labelled 
datasets to train algorithms to predict 
outcomes and recognise patterns. 

Low Deployment Weak sig-
nals in Sci-
ence and 
Technolo-
gies - 2024 

https://aiworld.eu/concept/transfer-learning
https://aiworld.eu/concept/transfer-learning
https://aiworld.eu/concept/transfer-learning
https://aiworld.eu/concept/transfer-learning
https://arxiv.org/pdf/2403.16469
https://arxiv.org/pdf/2403.16469
https://arxiv.org/pdf/2403.16469
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
applewebdata://70523BA1-E2B2-42C1-B0BC-B2C75D33CAA8/Downloads/weak%20signals%20in%20science%20and%20technologies%202024-KJ0125060ENN%20(5).pdf
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Innovation in AI 

Keyword Description Disruption 
potential74 

Technology 
maturity75 

Source 

machine 
learning 

Unsupervised learning in artificial in-
telligence is a type of machine learn-
ing that learns from data without hu-
man supervision. Unlike supervised 
learning, unsupervised machine 
learning models are given unlabelled 
data and allowed to discover patterns 
and insights without any explicit guid-
ance or instruction. 

Reinforced learning (RL) is a type of 
machine learning process that fo-
cuses on decision making by auton-
omous agents. An autonomous 
agent is any system that can make 
decisions and act in response to its 
environment independent of direct 
instruction by a human user. Robots 
and self-driving cars are examples of 
autonomous agents. In reinforce-
ment learning, an autonomous agent 
learns to perform a task by trial and 
error in the absence of any guidance 
from a human user. It particularly ad-
dresses sequential decision-making 
problems in uncertain environments, 
and shows promise in artificial intelli-
gence development. 

AI Ethics & Fairness & Sustainability 

Human-
centric AI 

Human-Centric AI is an emerging 
discipline intent on creating AI sys-
tems that amplify and augment rather 
than displace human abilities. HCAI 
seeks to preserve human control in a 
way that ensures artificial intelli-
gence meets our needs while also 
operating transparently, delivering 
equitable outcomes, and respecting 
privacy. According to the AI High-
Level Working Group, AI systems 
need to be human-centric, resting on 
a commitment to their use in the ser-
vice of humanity and the common 
good, intending to improve human 
welfare and freedom.  

High Emerging https://www.
mckin-
sey.com/ca-
pabili-
ties/mckin-
sey-digi-
tal/our-in-
sights/the-
case-for-hu-
man-cen-
tered-ai  

https://re-
search.ibm.c
om/blog/wha
t-is-human-
centered-ai  

https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-case-for-human-centered-ai
https://research.ibm.com/blog/what-is-human-centered-ai
https://research.ibm.com/blog/what-is-human-centered-ai
https://research.ibm.com/blog/what-is-human-centered-ai
https://research.ibm.com/blog/what-is-human-centered-ai
https://research.ibm.com/blog/what-is-human-centered-ai
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Innovation in AI 

Keyword Description Disruption 
potential74 

Technology 
maturity75 

Source 

Trustwor-
thy AI 

Trustworthy AI is an AI system that is 
reliable, fair, explainable, and se-
cure. It is designed to respect user 
privacy, uphold transparency, and 
provide consistent and unbiased out-
comes. Trustworthy AI builds confi-
dence among users by adhering to 
principles such as fairness, account-
ability, and safety. 

High R&D https://digi-
tal-strat-
egy.ec.eu-
ropa.eu/en/li
brary/ethics-
guidelines-
trustworthy-
ai  

 

AI Safety AI safety is a field focused on ensur-
ing that artificial intelligence systems 
operate as intended, without causing 
unintended harm or negative conse-
quences. It encompasses the devel-
opment of principles, techniques, 
and tools to make AI systems more 
robust, reliable, and aligned with hu-
man values. AI safety is particularly 
crucial as AI systems grow in capa-
bility and autonomy, affecting areas 
such as decision-making, ethics, and 
societal impacts. The goal is to miti-
gate risks ranging from biased algo-
rithms to existential threats posed by 
superintelligent AI. AI safety involves 
a diverse set of methodologies aimed 
at preventing harmful outcomes from 
AI systems. This includes addressing 
issues like fairness, accountability, 
transparency, robustness, and value 
alignment. In addition to technical 
approaches, AI safety also considers 
societal and ethical implications, pro-
moting collaboration between re-
searchers, policymakers, and indus-
try stakeholders. With AI becoming 
increasingly integrated into critical 
systems, ensuring its safe deploy-
ment is a priority for the technology's 
long-term benefits. 

High R&D / Deploy-
ment 

https://ai-
world.eu/con
cept/ai-
safety 

 

Explaina-
ble AI 

Explainable Artificial Intelligence 
(XAI) is the ability of AI systems to 
provide clear and understandable ex-
planations for their actions and deci-
sions. Its central goal is to make the 

Medium Emerging https://www.
edps.eu-
ropa.eu/sys-
tem/files/202
3-11/23-11-

https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://aiworld.eu/concept/ai-safety
https://aiworld.eu/concept/ai-safety
https://aiworld.eu/concept/ai-safety
https://aiworld.eu/concept/ai-safety
https://www.edps.europa.eu/system/files/2023-11/23-11-16_techdispatch_xai_en.pdf
https://www.edps.europa.eu/system/files/2023-11/23-11-16_techdispatch_xai_en.pdf
https://www.edps.europa.eu/system/files/2023-11/23-11-16_techdispatch_xai_en.pdf
https://www.edps.europa.eu/system/files/2023-11/23-11-16_techdispatch_xai_en.pdf
https://www.edps.europa.eu/system/files/2023-11/23-11-16_techdispatch_xai_en.pdf
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Keyword Description Disruption 
potential74 

Technology 
maturity75 

Source 

behaviour of these systems under-
standable to humans by elucidating 
the underlying mechanisms of their 
decision-making processed. 

16_techdis-
patch_xai_e
n.pdf  

Frugal AI 
/ Green AI 

Movement dating from - and revived 
from - green computing, aiming to re-
duce the energy use of AI systems. 
More specifically, a set of techniques 
that aim to make ML models more ef-
ficient, cost-effective, and accessible 
while maintaining or even improving 
their performance. 

Medium R&D https://pa-
pers.ssrn.co
m/sol3/pa-
pers.cfm?ab
stract_id=50
12869  

Respon-
sible AI 

Responsible artificial intelligence (AI) 
is a set of principles that help guide 
the design, development, deploy-
ment and use of AI, building trust in 
AI solutions that have the potential to 
empower organisations and their 
stakeholders. Responsible AI in-
volves the consideration of the 
broader societal impact of AI sys-
tems and the measures required to 
align these technologies with stake-
holder values, legal standards and 
ethical principles. Responsible AI 
aims to embed such ethical princi-
ples into AI applications and work-
flows to mitigate risks and negative 
outcomes associated with the use of 
AI, while maximising positive out-
comes. 

Medium R&D https://www.i
bm.com/thin
k/topics/re-
sponsible-ai  

AI Ethics AI ethics is a branch of artificial intel-
ligence focused on ensuring that AI 
systems are designed, deployed, 
and governed in ways that are fair, 
transparent, and aligned with socie-
tal values. This field addresses 
moral, societal, and legal questions 
arising from the use of AI, such as 
the impact of biased algorithms, data 
privacy concerns, and the broader 
societal implications of automation 
and decision-making by machines. 
AI ethics seeks to establish frame-
works and principles to guide the de-
velopment and use of AI technolo-
gies responsibly. 

Medium R&D  https://ai-
world.eu/con
cept/ai-eth-
ics 

 

https://www.edps.europa.eu/system/files/2023-11/23-11-16_techdispatch_xai_en.pdf
https://www.edps.europa.eu/system/files/2023-11/23-11-16_techdispatch_xai_en.pdf
https://www.edps.europa.eu/system/files/2023-11/23-11-16_techdispatch_xai_en.pdf
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5012869
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5012869
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5012869
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5012869
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5012869
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5012869
https://www.ibm.com/think/topics/responsible-ai
https://www.ibm.com/think/topics/responsible-ai
https://www.ibm.com/think/topics/responsible-ai
https://www.ibm.com/think/topics/responsible-ai
https://aiworld.eu/concept/ai-ethics
https://aiworld.eu/concept/ai-ethics
https://aiworld.eu/concept/ai-ethics
https://aiworld.eu/concept/ai-ethics
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Innovation in AI 

Keyword Description Disruption 
potential74 

Technology 
maturity75 

Source 

Jailbreak In the context of Artificial Intelligence, 
particularly with advanced language 
models like GPT, Jailbreak refers to 
methods used by users to bypass the 
restrictions and safety measures 
built into AI systems. These models 
are typically programmed with rules 
and filters that prevent them from 
generating harmful, inappropriate, or 
unauthorised content. A jailbreak oc-
curs when a user manipulates the AI 
system, through carefully structured 
inputs or prompts, to make it perform 
actions or generate outputs that were 
originally restricted. Jailbreaking can 
expose vulnerabilities in the model's 
ability to enforce its safety protocols 
and ethical boundaries, raising con-
cerns about misuse and the robust-
ness of safety mechanisms. 

Low Deployment https://ai-
world.eu/con
cept/jail-
break 

 

Auditabil-
ity of an 
AI system 

An AI audit is a systematic examina-
tion of an artificial intelligence system 
to assess its fairness, transparency, 
security, compliance, and perfor-
mance. The goal is to ensure that AI 
operates ethically, legally, and effec-
tively while minimising risks such as 
bias, discrimination, or security vul-
nerabilities. 

 

Low Deployment https://ec.eu
ropa.eu/fu-
turium/en/sy
stem/files/ge
d/auditing-
artificial-in-
telli-
gence.pdf  

https://aiworld.eu/concept/jailbreak
https://aiworld.eu/concept/jailbreak
https://aiworld.eu/concept/jailbreak
https://aiworld.eu/concept/jailbreak
https://ec.europa.eu/futurium/en/system/files/ged/auditing-artificial-intelligence.pdf
https://ec.europa.eu/futurium/en/system/files/ged/auditing-artificial-intelligence.pdf
https://ec.europa.eu/futurium/en/system/files/ged/auditing-artificial-intelligence.pdf
https://ec.europa.eu/futurium/en/system/files/ged/auditing-artificial-intelligence.pdf
https://ec.europa.eu/futurium/en/system/files/ged/auditing-artificial-intelligence.pdf
https://ec.europa.eu/futurium/en/system/files/ged/auditing-artificial-intelligence.pdf
https://ec.europa.eu/futurium/en/system/files/ged/auditing-artificial-intelligence.pdf
https://ec.europa.eu/futurium/en/system/files/ged/auditing-artificial-intelligence.pdf
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3.2.2. Taxonomy – Innovation with AI  

Innovation with AI - AI capabilities 

Keyword Description Eco-
nomic 
im-
pact77 

Societal 
impact78 

Source 

Deep rea-
soning  

Deep reasoning combines deep learn-
ing with reasoning for solving complex 
tasks. It is a critical step toward pro-
gress in achieving Artificial General In-
telligence. 

High High https://www.m
l-sci-
ence.com/dee
p-reasoning 

Workshop 

Reasoning 
& decision-
making 

Reasoning problems arise naturally in 
many applications that interact with the 
world - commonsense query answer-
ing, diagnosis problem solving, plan-
ning, reasoning about knowledge in the 
sciences, NLP, and multi-agent control, 
to name a few. Reasoning algorithms 
and knowledge representations form 
the foundations for theoretical investi-
gations into human-level AI. AI re-
search has led to a range of automated 
reasoning techniques. These reason-
ing techniques have given rise to AI al-
gorithms and systems, including SAT, 
SMT, and constraints solvers as well as 
probabilistic graphical models, all of 
which play a key role in critical real-
world applications. While large pre-
trained systems (such as LLMs) have 
made impressive advancements in 
their reasoning capabilities, more re-
search is needed to guarantee correct-
ness and depth of the reasoning per-
formed by them; such guarantees are 
particularly important for autonomously 
operating AI agents. 

In terms of decision making, AI-aug-
mented decision-making is plausible 
and may initially consist of LLMs apply-
ing strategy frameworks and answering 
questions like an analyst assisting a 
strategist. Current LLMs can achieve 
human-comparable performance in 

High High https://www.c
am-
bridge.org/cor
e/books/abs/c
ambridge-
handbook-of-
artificial-intel-
ligence/rea-
soning-and-
decision-mak-
ing/30DFFAF
6A0FF92E1D
56664302DB
41FDE  

https://aaai.or
g/wp-con-
tent/up-
loads/2025/03
/AAAI-2025-
PresPanel-
Report-FI-
NAL.pdf  

https://arxiv.or
g/pdf/2408.08
811  

 
77 Discussed during the validation workshop 
78 Discussed during the validation workshop. 

https://www.ml-science.com/deep-reasoning
https://www.ml-science.com/deep-reasoning
https://www.ml-science.com/deep-reasoning
https://www.ml-science.com/deep-reasoning
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://www.cambridge.org/core/books/abs/cambridge-handbook-of-artificial-intelligence/reasoning-and-decision-making/30DFFAF6A0FF92E1D56664302DB41FDE
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://aaai.org/wp-content/uploads/2025/03/AAAI-2025-PresPanel-Report-FINAL.pdf
https://arxiv.org/pdf/2408.08811
https://arxiv.org/pdf/2408.08811
https://arxiv.org/pdf/2408.08811
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Innovation with AI - AI capabilities 

Keyword Description Eco-
nomic 
im-
pact77 

Societal 
impact78 

Source 

realistic strategy tasks involving gener-
ation and evaluation. 

AI forecast-
ing and pre-
diction 

AI is enabled to find complex patterns 
in data and use them to make predic-
tions about the future course of a time 
series or the likelihood of certain events 
that may happen (e.g., defaulting on a 
credit). AI-driven forecasting offers a 
wide range of applications in a variety 
of sectors, allowing businesses to 
make more informed choices, improve 
operations, and gain a competitive ad-
vantage. Here are some significant 
uses of AI driven forecasting in various 
industries: 

• Finance: AI algorithms exam-
ine historical price data, mar-
ket sentiment, and news to an-
ticipate stock price changes, 
enabling traders and investors 
in making better investment 
choices. 

• Retail: Artificial intelligence 
estimates customer demand 
for items, assisting merchants 
in optimising inventory levels 
and planning production cy-
cles to avoid stockouts and 
overstock situations 

• Energy: Artificial intelligence-
driven projections for solar 
and wind energy output assist 
grid operators in managing 
changes in energy supply and 
demand, guaranteeing a 
steady power supply. 

• Healthcare: Using patient 
data, treatment patterns, and 
healthcare provider behav-
iour, AI models estimate de-
mand for pharmaceutical 
items, improving supply chain 
operations. 

• Manufacturing industry: AI-
driven projections of raw 

High High Creation of a 
taxonomy for 
the European 
AI Ecosystem 
a report of the 
cross-KIC ac-
tivity “Innova-
tion Impact 
Artificial Intel-
ligence 

Chakraborty, 
M., & Parida, 
P. (2024, Jan-
uary). Com-
prehensive 
Study of AI-
Driven Market 
Forecasting 
Models and 
Their Applica-
bility. In 2024 
International 
Conference 
on Advance-
ments in 
Smart, Se-
cure and In-
telligent Com-
puting (AS-
SIC) (pp. 1-
5). IEEE. 

Nguyen, T. 
(2023). Appli-
cations of arti-
ficial intelli-
gence for de-
mand fore-
casting. Oper-
ations and 
Supply Chain 
Management: 
An 
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Keyword Description Eco-
nomic 
im-
pact77 

Societal 
impact78 

Source 

material demand, manufactur-
ing rates, and distribution pat-
terns improve supply chain ef-
ficiency and shorten lead 
times. 

• Agriculture: AI forecasts crop 
yields by analysing data from 
weather sensors, soil condi-
tions, and historical yield data, 
assisting farmers in planning 
planting and harvesting tac-
tics. 

Predictive AI models (e.g. regression, 
time-series models, or complex ML 
models) learn patterns that precede an 
outcome, enabling forecasts such as 
demand, failure, or risk. This capability 
turns raw data into actionable foresight 
(e.g. “Which machine is likely to fail 
next week?”). 

International 
Journal, 
16(4), 424-
434. 

 

AI (scien-
tific) dis-
covery 

AI can process huge amounts of data 
and find, for example, patterns, logical 
relationships, similarities, groups, or 
dependencies in them. Artificial intelli-
gence (AI) is being increasingly inte-
grated into scientific discovery to aug-
ment and accelerate research, helping 
scientists to generate hypotheses, de-
sign experiments, collect and interpret 
large datasets, and gain insights that 
might not have been possible using tra-
ditional scientific methods. Generative 
AI methods can create designs, such 
as small-molecule drugs and proteins, 
by analysing diverse data modalities, 
including images and sequences. 

High High https://www.n
ature.com/ar-
ticles/s41586-
023-06221-2  

Creation of a 
taxonomy for 
the European 
AI Ecosystem 
a report of the 
cross-KIC ac-
tivity “Innova-
tion Impact 
Artificial Intel-
ligence 

 

AI planning AI can look for optimal solutions to 
problems requiring long sequences of 
actions in complex environments, 
where the search space is too vast for 
human or even exact computer solu-
tions. Examples of AI planning include:  

High High https://link.spr
inger.com/ar-
ti-
cle/10.1007/s
00521-021-
06569-4  

https://www.nature.com/articles/s41586-023-06221-2
https://www.nature.com/articles/s41586-023-06221-2
https://www.nature.com/articles/s41586-023-06221-2
https://www.nature.com/articles/s41586-023-06221-2
https://link.springer.com/article/10.1007/s00521-021-06569-4
https://link.springer.com/article/10.1007/s00521-021-06569-4
https://link.springer.com/article/10.1007/s00521-021-06569-4
https://link.springer.com/article/10.1007/s00521-021-06569-4
https://link.springer.com/article/10.1007/s00521-021-06569-4
https://link.springer.com/article/10.1007/s00521-021-06569-4
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Keyword Description Eco-
nomic 
im-
pact77 

Societal 
impact78 

Source 

• Path planning for Unmanned 
Vehicles. This is particularly 
relevant for generating obsta-
cle-free flight paths for un-
manned aerial vehicles 
(UAVs) 

Integration of AI into urban planning 
(for example, urban planners using AI 
include sentiment analysis of public 
comment, computer vision for neigh-
bourhood conditions assessments and 
school district boundary adjustment, 
and optimisation processes to improve 
public transportation routes). 

Creation of a 
taxonomy for 
the European 
AI Ecosystem 
a report of the 
cross-KIC ac-
tivity “Innova-
tion Impact 
Artificial Intel-
ligence 

AI creation / 
generation 

AI creation and generation refer to the 
ability of artificial intelligence to auton-
omously produce new content, ideas, 
or solutions across various fields. AI 
models use machine learning, neural 
networks, and deep learning tech-
niques to generate text, images, music, 
videos and code. Examples of AI crea-
tion/generation include: 

• Text generation (AI-powered 
language models like 
ChatGPT generate human-
like text, answer questions, 
and assist with writing). 

• Image generation (AI models 
like DALL·E or MidJourney 
create digital artwork, illustra-
tions, and designs). 

• Video, music and audio gener-
ation.  

• AI for the generation and test-
ing of ideas. 

Figure 14 provides an overview of 
model-, system-, and application-level 
view on generative AI. 

 

High High Creation of a 
taxonomy for 
the European 
AI Ecosystem 
a report of the 
cross-KIC ac-
tivity “Innova-
tion Impact 
Artificial Intel-
ligence 

McKinsey 
(2023) The 
economic po-
tential of gen-
erative AI  

Feuerriegel, 
S., Hartmann, 
J., Janiesch, 
C., & 
Zschech, P. 
(2024). Gen-
erative ai. 
Business & 
Information 
Systems En-
gineering, 
66(1), 111-
126. 
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Innovation with AI - AI capabilities 

Keyword Description Eco-
nomic 
im-
pact77 

Societal 
impact78 

Source 

 

Natural lan-
guage pro-
cessing 
(NLP) 

NLP is a subfield of computer science 
and artificial intelligence (AI) that uses 
machine learning to enable computers 
to understand and communicate with 
human language. This includes, Auto-
matic Speech Recognition converts 
spoken language into text. AI models 
analyse audio waveforms, filter noise, 
and transcribe words in real time, 
speech synthesis (Text-to-Speech), 
sentiment analysis and text summari-
sation. Below is an overview of the NLP 
techniques:79 

• Word Tagging 

o Word segmentation 

o Shallow syntax-chunking 

o Named entity recognition 

o Part-of-speech tagging 

o Semantic role labelling 

o Word sense disambiguation 

• Sentence Parsing 

o Constituency parsing 

o Semantic parsing 

o Dependency parsing 

o Coreference resolution 

• Text Classification 

o Sentiment analysis 

o Text classification 

o Temporal processing 

• Text Pair Matching 

o Semantic textual similarity 

Me-
dium 

High https://www.ib
m.com/think/t
opics/natural-
language-pro-
cessing 

https://in-
teroperable-
europe.ec.eu-
ropa.eu/sites/
de-
fault/files/in-
line-
files/D02.01_
Natu-
ral%20Lan-
guage%20Pro
cess-
ing%20for%2
0Pub-
lic%20Ser-
vices_4.pdf  

https://s3.eu-
west-1.ama-
zo-
naws.com/mo
bidev.biz.clou
dfront/2020/0
3/natural-lan-
guage-pro-
cessing-use-
cases-for-
business-opti-
misation.pdf  

 
79 Retrieved from: https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-
processing-use-cases-for-business-optimisation.pdf  

https://www.ibm.com/think/topics/natural-language-processing
https://www.ibm.com/think/topics/natural-language-processing
https://www.ibm.com/think/topics/natural-language-processing
https://www.ibm.com/think/topics/natural-language-processing
https://www.ibm.com/think/topics/natural-language-processing
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://interoperable-europe.ec.europa.eu/sites/default/files/inline-files/D02.01_Natural%20Language%20Processing%20for%20Public%20Services_4.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
https://s3.eu-west-1.amazonaws.com/mobidev.biz.cloudfront/2020/03/natural-language-processing-use-cases-for-business-optimization.pdf
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Innovation with AI - AI capabilities 

Keyword Description Eco-
nomic 
im-
pact77 

Societal 
impact78 

Source 

o Natural language inference 

o Relation prediction 

• Text Generation 

o Language modelling 

o Machine translation 

o Simplification 

o Summarisation. 

 

Computer 
linguistics 

Computational linguistics consists of 
several key components, including syn-
tax, semantics, and pragmatics. Syntax 
refers to the rules and structure of lan-
guage, while semantics deals with the 
meaning of words and sentences. 
Pragmatics, on the other hand, in-
volves understanding the context and 
intent behind language use.  

Computer linguistics enables AI to pro-
cess, interpret, and potentially "under-
stand" the content of language (e.g., 
human) as well as interact in such a 
language with a desired semantic con-
tent. 

Me-
dium 

High Nilufar, N. 
(2023). COM-
PUTER LIN-
GUISTICS 
FUTURE HIS-
TORY PER-
SPECTIVE. 
International 
Journal of Ad-
vance Scien-
tific Re-
search, 3(11), 
179-183. 

Creation of a 
taxonomy for 
the European 
AI Ecosystem 
a report of the 
cross-KIC ac-
tivity “Innova-
tion Impact 
Artificial Intel-
ligence 

Symbolic 
reasoning  

Symbolic reasoning aims at deducing 
general logic rules from the knowledge 
graphs 

Me-
dium 

High Workshop 

https://www.s
ciencedi-
rect.com/sci-
ence/arti-
cle/pii/S26666
51021000061  

https://www.sciencedirect.com/science/article/pii/S2666651021000061
https://www.sciencedirect.com/science/article/pii/S2666651021000061
https://www.sciencedirect.com/science/article/pii/S2666651021000061
https://www.sciencedirect.com/science/article/pii/S2666651021000061
https://www.sciencedirect.com/science/article/pii/S2666651021000061
https://www.sciencedirect.com/science/article/pii/S2666651021000061
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Keyword Description Eco-
nomic 
im-
pact77 

Societal 
impact78 

Source 

Conversa-
tional AI & 
virtual as-
sistants 

This capability includes chatbots, voice 
assistants, customer support automa-
tion. The following are examples of the 
operational improvements conversa-
tional AI & virtual assistants can have 
for: 

• Customer self-service. Gen-
erative AI–fuelled chatbots 
can give immediate and per-
sonalised responses to com-
plex customer inquiries re-
gardless of the language or lo-
cation of the customer. By im-
proving the quality and effec-
tiveness of interactions via au-
tomated channels, generative 
AI could automate responses 
to a higher percentage of cus-
tomer inquiries.  

• Resolution during initial 
contact. Conversational AI & 
virtual assistants can instantly 
retrieve data a company has 
on a specific customer, which 
can help a human customer 
service representative more 
successfully answer ques-
tions and resolve issues dur-
ing an initial interaction.  

• Reduced response time. 
Conversational AI & virtual as-
sistants can cut the time a hu-
man sales representative 
spends responding to a cus-
tomer by aiding in real time 
and recommending next 
steps. 

• Increased sales. Because of 
its ability to rapidly process 
data on customers and their 
browsing histories, the tech-
nology can identify product 
suggestions and deals 

Me-
dium 

High https://www.s
ciencedi-
rect.com/sci-
ence/arti-
cle/pii/S01482
96323001960  

McKinsey 
(2023) The 
economic po-
tential of gen-
erative AI  

Mekni, M. 
(2021). An ar-
tificial intelli-
gence based 
virtual assis-
tant using 
conversa-
tional agents. 
Journal of 
Software En-
gineering and 
Applications, 
14(9), 455-
473. 

https://www.sciencedirect.com/science/article/pii/S0148296323001960
https://www.sciencedirect.com/science/article/pii/S0148296323001960
https://www.sciencedirect.com/science/article/pii/S0148296323001960
https://www.sciencedirect.com/science/article/pii/S0148296323001960
https://www.sciencedirect.com/science/article/pii/S0148296323001960
https://www.sciencedirect.com/science/article/pii/S0148296323001960
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Keyword Description Eco-
nomic 
im-
pact77 

Societal 
impact78 

Source 

tailored to customer prefer-
ences.  

Computer 
vision 

Enables machines to make sense of 
visual data by recognising objects or 
persons and understanding the seman-
tics of images or video sequences. This 
includes Image classification, Object 
detection, Facial recognition, Optical 
Character Recognition (OCR), Image 
segmentation. In terms of specific ap-
plication areas: 

Computer vision can analyse images 
and extract metadata for business intel-
ligence, creating new revenue opportu-
nities and operational efficiencies. 

• Autonomous vehicle technol-
ogy uses computer vision to 
recognise real-time images 
and build 3D maps from multi-
ple cameras fitted to autono-
mous transport. It can analyse 
images and identify other road 
users, road signs, pedestri-
ans, or obstacles. 

• In agriculture, computer vision 
applications automate tasks 
like monitoring field condi-
tions, identifying crop disease, 
checking soil moisture, and 
predicting weather and crop 
yields. 

In healthcare, computer vision can sup-
port with tumour detection by analysing 
moles and skin lesions, Automatic X-
ray analysis, Symptom discovery from 
MRI scans. 

Me-
dium 

Medium Karn, A. 
(2021). Artifi-
cial intelli-
gence in com-
puter vision. 
International 
Journal of En-
gineering Ap-
plied Sci-
ences and 
Technology, 
6(1), 2455-
2143. 

https://www.ib
m.com/think/t
opics/recur-
rent-neural-
networks 

https://aws.a
ma-
zon.com/what
-is/computer-
vision/  

 

Computer 
audition 

Enables machines to process and 
make sense of signals by recognising, 
classifying, and understanding audio 
signals. The application of computer 
audition includes:  

Me-
dium 

Medium Creation of a 
taxonomy for 
the European 
AI Ecosystem 
a report of the 
cross-KIC 

https://www.ibm.com/think/topics/recurrent-neural-networks
https://www.ibm.com/think/topics/recurrent-neural-networks
https://www.ibm.com/think/topics/recurrent-neural-networks
https://www.ibm.com/think/topics/recurrent-neural-networks
https://www.ibm.com/think/topics/recurrent-neural-networks
https://aws.amazon.com/what-is/computer-vision/
https://aws.amazon.com/what-is/computer-vision/
https://aws.amazon.com/what-is/computer-vision/
https://aws.amazon.com/what-is/computer-vision/
https://aws.amazon.com/what-is/computer-vision/
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Keyword Description Eco-
nomic 
im-
pact77 

Societal 
impact78 

Source 

• Recognition of natural, ma-
chine, man-made or musical 
sounds, genre recognition, 
query by humming. 

• Music summarisation and 
thumbnailing, music annota-
tion. 

• Audition driven signal pro-
cessing, synthesis using 
sound description. 

• Modelling of musical affect 
and aesthetics. 

Computer aided composition and ma-
chine improvisation. 

activity “Inno-
vation Impact 
Artificial Intel-
ligence 

http://dub.ucs
d.edu/Com-
puterAudi-
tion/handouts/
CAT1h6.pdf  

 

 
Figure 14 Overview of model-, system-, and application-level view on generative AI. Source: Feuer-
riegel, S., Hartmann, J., Janiesch, C., & Zschech, P. (2024). Generative ai. Business & Information 

Systems Engineering, 66(1), 111-126. 

http://dub.ucsd.edu/ComputerAudition/handouts/CAT1h6.pdf
http://dub.ucsd.edu/ComputerAudition/handouts/CAT1h6.pdf
http://dub.ucsd.edu/ComputerAudition/handouts/CAT1h6.pdf
http://dub.ucsd.edu/ComputerAudition/handouts/CAT1h6.pdf
http://dub.ucsd.edu/ComputerAudition/handouts/CAT1h6.pdf
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3.2.3. Taxonomy – AI application areas 

AI application areas 

Keyword Description Eco-
nomic 
impact80 

Societal 
impact81 

Source 

AI in sci-
ence / AI 
as the en-
gine of in-
novation 

Artificial Intelligence (AI) is revolutionis-
ing scientific discovery by accelerating 
the entire research cycle from 
knowledge extraction and hypothesis 
generation to automation of experimen-
tation and verification at an unprece-
dented speed. This application area in-
cludes use cases such as AI research 
assistants and AI embedded in robotics 
implementing R&D activities. The bullet 
points below provide other examples of 
AI in use cases in science:82 

• Maths proofs and theoretical calcula-
tions 

• Hypothesis generation 

• Experiment design 

• Lab robots 

• Active learning for efficient data 
sampling 

• Monitoring, anomaly alerts 

• Simulation 

• Super resolution, denoising data 

• Compression, visualisation, discov-
ering correlations 

• Uncertainty quantification and prop-
agation 

• Past decisions on fast hardware 

• Citizen science 

• Optimisation of scientific workflows 

• Re-purpose tools originally devel-
oped for AI 

  

High High https://aaai.or
g/  

https://www.o
ecd.org/con-
tent/dam/oecd
/en/publica-
tions/re-
ports/2023/06/
artificial-intelli-
gence-in-sci-
ence_4f3d6ef
d/a8d820bd-
en.pdf  

https://www.ra
nd.org/pubs/c
ommen-
tary/2024/10/h
ow-ai-can-au-
tomate-ai-re-
search-and-
develop-
ment.html  

 

 
80 Discussed during the validation workshop. 
81 Discussed during the validation workshop. 
82 Retrieved from: https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelli-
gence-in-science_4f3d6efd/a8d820bd-en.pdf  

https://aaai.org/
https://aaai.org/
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.rand.org/pubs/commentary/2024/10/how-ai-can-automate-ai-research-and-development.html
https://www.rand.org/pubs/commentary/2024/10/how-ai-can-automate-ai-research-and-development.html
https://www.rand.org/pubs/commentary/2024/10/how-ai-can-automate-ai-research-and-development.html
https://www.rand.org/pubs/commentary/2024/10/how-ai-can-automate-ai-research-and-development.html
https://www.rand.org/pubs/commentary/2024/10/how-ai-can-automate-ai-research-and-development.html
https://www.rand.org/pubs/commentary/2024/10/how-ai-can-automate-ai-research-and-development.html
https://www.rand.org/pubs/commentary/2024/10/how-ai-can-automate-ai-research-and-development.html
https://www.rand.org/pubs/commentary/2024/10/how-ai-can-automate-ai-research-and-development.html
https://www.rand.org/pubs/commentary/2024/10/how-ai-can-automate-ai-research-and-development.html
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2023/06/artificial-intelligence-in-science_4f3d6efd/a8d820bd-en.pdf
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AI application areas 

Keyword Description Eco-
nomic 
impact80 

Societal 
impact81 

Source 

In addition, companies are leveraging AI 
tools to automate software develop-
ment, improving efficiency and produc-
tivity. AI agents, which can autono-
mously perform complex tasks, are be-
ing developed to streamline R&D pro-
cesses. 

AI in man-
ufacturing  

AI enhances automation by enabling ro-
bots to handle repetitive and hazardous 
tasks. It ensures quality control by using 
AI-powered vision systems to detect de-
fects in products. Predictive mainte-
nance helps manufacturers avoid unex-
pected machinery failures. AI also opti-
mises supply chain management by im-
proving inventory tracking and logistics. 

Key areas where AI has a significant im-
pact include: 

• Supply Chain Management: 
AI enhances demand forecast-
ing, inventory management, 
and logistics, reducing fore-
casting errors. 

• Security and safety: AI/ML 
can also improve worker and 
critical equipment safety within 
factories through intelligent ac-
cess control systems. It can 
also be used to mitigate the cy-
bersecurity risks introduced by 
the ever-increasing number of 
net-worked devices within a 
manufacturing plant. 

• Warehouse Management: AI 
solutions improve warehouse 
efficiency by predicting de-
mand patterns, optimising in-
ventory, and automating opera-
tions. 

• Assembly Line Optimisation: 
AI algorithms improve precision 
and efficiency in manufacturing 
processes, reducing waste and 

High High https://www.vi
sion4ai.eu/wp
-content/up-
loads/2024/09
/Digi-
tal_JointSRA_
AI-
NoE_MHP_20
240826_com-
pressed_high.
pdf  

Plathottam, S. 
J., Rzonca, 
A., Lakhnori, 
R., & Iloeje, 
C. O. (2023). 
A review of 
artificial intelli-
gence appli-
cations in 
manufacturing 
operations. 
Journal of Ad-
vanced Manu-
facturing and 
Processing, 
5(3), e10159. 

Patel, D., Lin, 
S., Shah, D., 
Jayaraman, 
S., Ploennigs, 
J., Bhamidip-
ati, A., & 
Kalagnanam, 
J. (2023, Sep-
tember). AI 
model factory: 
scaling AI for 

https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
https://www.vision4ai.eu/wp-content/uploads/2024/09/Digital_JointSRA_AINoE_MHP_20240826_compressed_high.pdf
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Keyword Description Eco-
nomic 
impact80 

Societal 
impact81 

Source 

ensuring high-quality produc-
tion. 

• AI-based experimentation: AI 
and ML can be used for high-
fidelity simulations of manufac-
turing processes and to reduce 
the need for manual experi-
mentation which saves cost 
and time 

• Predictive Maintenance: AI 
helps anticipate equipment 
breakdowns, minimising down-
time and optimising mainte-
nance schedules. Technolo-
gies like digital twins, which 
replicate physical objects in a 
virtual setting, play a significant 
role. 

• Quality Assurance: AI im-
proves quality control through 
computer vision and machine 
learning, enabling companies 
to detect defects and maintain 
consistent product quality. 

• Streamlined Paperwork: AI 
automates administrative tasks 
such as invoice processing and 
quality control checks. 

• Demand Prediction: AI helps 
predict market demand based 
on sales data and trends, ena-
bling businesses to optimise in-
ventory and avoid overproduc-
tion.  

• Connected Factories: AI-inte-
grated IoT devices create con-
nected factories that enable 
real-time decision-making, pre-
dictive maintenance, and 
seamless operations.  

Process and product design: Genera-
tive design involves the use of AI to ex-
plore the design space for a product or 

industry 4.0 
applications. 
In Proceed-
ings of the 
AAAI Confer-
ence on Artifi-
cial Intelli-
gence (Vol. 
37, No. 13, 
pp. 16467-
16469). 

Lee, D., & Lin, 
C. (2024). 
Universal arti-
ficial intelli-
gence work-
flow for fac-
tory energy 
saving: Ten 
case studies. 
Journal of 
Cleaner Pro-
duction, 468, 
143049.  
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process based on user-provided re-
quirements. 

AI in pub-
lic sector 

For example, AI-powered chatbots and 
virtual assistants can handle routine in-
quiries, improving citizen engagement. 
Additionally, predictive analytics ena-
bles public sector to anticipate demand 
for public services, optimise budget allo-
cations, and enhance policymaking 
through data-driven insights. Other ex-
amples of use cases include: 

• Policymaking: This is seen 
particularly in tax administra-
tion (e.g., streamlining tax col-
lection processes and prevent-
ing tax fraud), budget manage-
ment (e.g., analysing spending 
and revenue data to develop 
and manage budget more ef-
fectively, and anticipating 
budget allocations), public 
health, welfare benefits, and 
social services. Although less 
prominent across the use 
cases analysed, governments 
are also using AI to improve 
policymaking in other sectoral 
areas, such as transport, envi-
ronment, security, urban plan-
ning, employment, justice, in-
frastructure, education, foreign 
affairs, among others 

• Service design and delivery: 
Governments are also using AI 
to increase responsiveness in 
the design and delivery of pub-
lic services. 

Government oversight: A variety of 
use cases show that AI can help in-
crease transparency and accountability 
of government activities, when tested 
appropriately and used responsively. 
Tax and procurement agencies, as well 
as audit institutions have been early 

High High Tangi, L., Van 
Noordt, C., 
Combetto, M., 
Gattwinkel, D. 
and Pignatelli, 
F., AI Watch. 
European 
landscape on 
the use of Ar-
tificial Intelli-
gence by the 
Public Sector, 
Publications 
Office of the 
European Un-
ion, Luxem-
bourg, 2022, 
doi:10.2760/3
9336, 
JRC129301. 

https://oecd-
opsi.org/toolki
t-navigator/  

https://www.o
ecd.org/con-
tent/dam/oecd
/en/publica-
tions/re-
ports/2024/06/
governing-
with-artificial-
intelli-
gence_f0e316
f5/26324bc2-
en.pdf  

https://oecd-opsi.org/toolkit-navigator/
https://oecd-opsi.org/toolkit-navigator/
https://oecd-opsi.org/toolkit-navigator/
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf
https://www.oecd.org/content/dam/oecd/en/publications/reports/2024/06/governing-with-artificial-intelligence_f0e316f5/26324bc2-en.pdf


 

70 

AI application areas 

Keyword Description Eco-
nomic 
impact80 

Societal 
impact81 

Source 

adopters of these technologies, in areas 
ranging from fraud detection and corrup-
tion control to risk management. 

AI in 
healthcare 

AI improves medical imaging by detect-
ing diseases in X-rays, MRIs, and CT 
scans with high accuracy. It enhances 
predictive analytics by identifying pat-
terns that indicate potential disease out-
breaks or patient deterioration. AI-pow-
ered virtual health assistants provide 
medical guidance and mental health 
support. Furthermore, AI assists in ro-
botic surgery, enabling precise and min-
imally invasive procedure. 

AI also accelerates drug discovery by 
analysing large datasets to identify po-
tential compounds. It optimises clinical 
trials by selecting the right patients and 
improving trial efficiency. AI personal-
ises medicine by tailoring treatments 
based on genetic data and patient his-
tory. Additionally, AI enhances supply 
chain management by predicting de-
mand and optimising drug. 

 

High High https://www.fo
re-
seemed.com/
artificial-intelli-
gence-in-
healthcare  

https://www.o
ecd.org/en/pu
blications/ai-
in-
health_2f7092
70-en.html  

Jiang, F., Ji-
ang, Y., Zhi, 
H., Dong, Y., 
Li, H., Ma, S., 
... & Wang, Y. 
(2017). Artifi-
cial intelli-
gence in 
healthcare: 
past, present 
and future. 
Stroke and 
vascular neu-
rology, 2(4). 

AI in mo-
bility, au-
tomotive 
and 
transport 

AI enables self-driving vehicles by pro-
cessing sensor data for navigation and 
safety. It enhances driver assistance 
systems with features like adaptive 
cruise control and lane-keeping assis-
tance. AI predicts vehicle maintenance 
needs, reducing the chances of break-
downs. Furthermore, AI optimises traffic 
management by analysing congestion 
patterns and suggesting better routes. 
Additional use cases include:  

• Intelligent Public Transport 
System. 

High High https://ai-
watch.ec.eu-
ropa.eu/top-
ics/transport-
and-mobil-
ity_en  

Iyer, L. S. 
(2021). AI en-
abled applica-
tions towards 
intelligent 
transportation. 
Transporta-
tion 

https://www.foreseemed.com/artificial-intelligence-in-healthcare
https://www.foreseemed.com/artificial-intelligence-in-healthcare
https://www.foreseemed.com/artificial-intelligence-in-healthcare
https://www.foreseemed.com/artificial-intelligence-in-healthcare
https://www.foreseemed.com/artificial-intelligence-in-healthcare
https://www.foreseemed.com/artificial-intelligence-in-healthcare
https://www.oecd.org/en/publications/ai-in-health_2f709270-en.html
https://www.oecd.org/en/publications/ai-in-health_2f709270-en.html
https://www.oecd.org/en/publications/ai-in-health_2f709270-en.html
https://www.oecd.org/en/publications/ai-in-health_2f709270-en.html
https://www.oecd.org/en/publications/ai-in-health_2f709270-en.html
https://www.oecd.org/en/publications/ai-in-health_2f709270-en.html
https://ai-watch.ec.europa.eu/topics/transport-and-mobility_en
https://ai-watch.ec.europa.eu/topics/transport-and-mobility_en
https://ai-watch.ec.europa.eu/topics/transport-and-mobility_en
https://ai-watch.ec.europa.eu/topics/transport-and-mobility_en
https://ai-watch.ec.europa.eu/topics/transport-and-mobility_en
https://ai-watch.ec.europa.eu/topics/transport-and-mobility_en
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• Intelligent Safety Management 
System. 

• Intelligent Automotive Manu-
facturing & Logistics System. 

Engineering, 
5, 100083.  

AI and au-
tonomous 
systems 

AI and autonomous systems include, 
among others, drones, autonomous ves-
sels, delivery robots and humanoids.  

High High https://www.el
spub.com/jour
nals/artificial-
intelligence-
and-autono-
mous-sys-
tems/home  

Workshop 

Domain-
specific 
GenAI 
models 

Domain-specific LLMs are designed to 
cater to niche areas with specialised 
knowledge and vocabulary. The benefits 
of using domain specific models include:  

• Security and control. For use 
cases with sensitive data, 
agencies can fine-tune a 
smaller LLM for the specific 
task and domain. Smaller LLMs 
can be hosted on the agency’s 
own cloud instance with a cloud 
service provides. There, the 
agency can maintain better 
control of where the data is 
transmitted and stored. 

• Cost optimisation. Large-scale 
LLMs offer great flexibility but 
can be expensive to run. While 
smaller, domain-specific mod-
els may incur higher costs for 
training and hosting, they can 
offer lower compute costs, 
which may prove more eco-
nomical for large-volume us-
age. 

Examples of such models include Bi-
oGPT for biomedical research or 
FinGPT for financial forecasting. 

High Medium https://www2.
deloitte.com/c
on-
tent/dam/Delo
itte/us/Docu-
ments/con-
sulting/us-do-
main-specific-
generative-
ai.pdf  

https://me-
dium.com/ai-
horizons/gen-
erative-ai-epi-
sode-9-the-
rise-of-do-
main-specific-
large-lan-
guage-mod-
els-
0f50ba99d4d9 

https://www.elspub.com/journals/artificial-intelligence-and-autonomous-systems/home
https://www.elspub.com/journals/artificial-intelligence-and-autonomous-systems/home
https://www.elspub.com/journals/artificial-intelligence-and-autonomous-systems/home
https://www.elspub.com/journals/artificial-intelligence-and-autonomous-systems/home
https://www.elspub.com/journals/artificial-intelligence-and-autonomous-systems/home
https://www.elspub.com/journals/artificial-intelligence-and-autonomous-systems/home
https://www.elspub.com/journals/artificial-intelligence-and-autonomous-systems/home
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-domain-specific-generative-ai.pdf
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-domain-specific-generative-ai.pdf
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-domain-specific-generative-ai.pdf
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-domain-specific-generative-ai.pdf
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-domain-specific-generative-ai.pdf
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-domain-specific-generative-ai.pdf
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-domain-specific-generative-ai.pdf
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-domain-specific-generative-ai.pdf
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-domain-specific-generative-ai.pdf
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-domain-specific-generative-ai.pdf
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
https://medium.com/ai-horizons/generative-ai-episode-9-the-rise-of-domain-specific-large-language-models-0f50ba99d4d9
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AI in en-
ergy inten-
sive indus-
tries and 
energy re-
newables  

AI, for example, improves energy distri-
bution through smart grids, ensuring ef-
ficient power management and infra-
structure maintenance. It predicts faults 
in power plants and wind turbines, re-
ducing maintenance costs. AI optimises 
energy consumption in homes and in-
dustries, leading to better efficiency. 
Furthermore, AI predicts solar and wind 
energy availability, facilitating better in-
tegration of renewable energy sources. 
AI optimises energy storage systems, 
ensuring efficient use of stored power, 
and supports carbon capture, utilisation, 
and storage (CCUS) by monitoring 
emissions and improving capture tech-
nologies. Additionally, AI aids in, for ex-
ample, oil and gas exploration by ana-
lysing geological data. 

Figure 16 provides specific use cases 
of AI in energy intensive industries and 
energy renewables sector.  

 

High Medium https://www.re
newableener-
gymaga-
zine.com/pan-
orama/ai-and-
renewable-en-
ergy-a-com-
plex-but-
20240923  

https://www.fd
mgroup.com/n
ews-in-
sights/ai-in-
energy-sector/  

Quest, H., 
Cauz, M., 
Heymann, F., 
Rod, C., Per-
ret, L., Ballif, 
C., ... & 
Wyrsch, N. 
(2022). A 3D 
indicator for 
guiding AI ap-
plications in 
the energy 
sector. Energy 
and AI, 9, 
100167.  

AI for Me-
dia and 
Outreach 

AI is transforming media and outreach in 
several ways, enhancing content crea-
tion, audience engagement, and distri-
bution strategies.  

 

Medium High Workshop 

AI in ser-
vice-based 
industrial 
ecosys-
tems (Re-
tail, Cul-
ture and 
Creative 
Industries, 

In retail, AI-driven recommendation sys-
tems, chatbots, and inventory optimisa-
tion improve customer experiences and 
streamline operations. In culture and 
creative industries, AI-powered content 
generation, virtual reality (VR) experi-
ences, and automated design tools sup-
port artists and businesses in creating 
content. In tourism, AI enhances travel 

Medium High https://www.e
uroparl.eu-
ropa.eu/Reg-
Data/etudes/B
RIE/2020/629
220/IPOL_BR
I(2020)62922
0_EN.pdf  

https://www.renewableenergymagazine.com/panorama/ai-and-renewable-energy-a-complex-but-20240923
https://www.renewableenergymagazine.com/panorama/ai-and-renewable-energy-a-complex-but-20240923
https://www.renewableenergymagazine.com/panorama/ai-and-renewable-energy-a-complex-but-20240923
https://www.renewableenergymagazine.com/panorama/ai-and-renewable-energy-a-complex-but-20240923
https://www.renewableenergymagazine.com/panorama/ai-and-renewable-energy-a-complex-but-20240923
https://www.renewableenergymagazine.com/panorama/ai-and-renewable-energy-a-complex-but-20240923
https://www.renewableenergymagazine.com/panorama/ai-and-renewable-energy-a-complex-but-20240923
https://www.renewableenergymagazine.com/panorama/ai-and-renewable-energy-a-complex-but-20240923
https://www.renewableenergymagazine.com/panorama/ai-and-renewable-energy-a-complex-but-20240923
https://www.fdmgroup.com/news-insights/ai-in-energy-sector/
https://www.fdmgroup.com/news-insights/ai-in-energy-sector/
https://www.fdmgroup.com/news-insights/ai-in-energy-sector/
https://www.fdmgroup.com/news-insights/ai-in-energy-sector/
https://www.fdmgroup.com/news-insights/ai-in-energy-sector/
https://www.europarl.europa.eu/RegData/etudes/BRIE/2020/629220/IPOL_BRI(2020)629220_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/BRIE/2020/629220/IPOL_BRI(2020)629220_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/BRIE/2020/629220/IPOL_BRI(2020)629220_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/BRIE/2020/629220/IPOL_BRI(2020)629220_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/BRIE/2020/629220/IPOL_BRI(2020)629220_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/BRIE/2020/629220/IPOL_BRI(2020)629220_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/BRIE/2020/629220/IPOL_BRI(2020)629220_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/BRIE/2020/629220/IPOL_BRI(2020)629220_EN.pdf
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Tourism, 
Proximity 
and social 
economy) 

planning through smart assistants, dy-
namic pricing, and personalised itinerar-
ies, while AI-powered translation tools 
improve communication for international 
travellers. 

https://www.m
ckin-
sey.com/in-
dustries/re-
tail/our-in-
sights/llm-to-
roi-how-to-
scale-gen-ai-
in-retail  

OECD (2024), 
“Artificial Intel-
ligence and 
tourism: 
G7/OECD pol-
icy paper”, 
OECD Tour-
ism Papers, 
No. 2024/02, 
OECD Pub-
lishing, Paris, 
https://doi.org/
10.1787/3f9a4
d8d-en. 

https://www.ts
ia.com/blog/th
e-current-and-
future-state-
of-ai-in-pro-
fessional-ser-
vices  

AI in edu-
cation 

AI can transform learning and education 
by offering personalised experiences, 
offering adaptive learning possibilities 
that adjust to students' needs. In addi-
tion, AI is used in higher education in 
various ways, from detecting plagiarism 
and ensuring exam security. Several 
other use cases include: 

• Remote digital tutors that use 
virtual and augmented reality. 

• AI-driven platforms assess stu-
dents' skill levels in real time 
and tailor instructional content 
to meet individual needs. 
These systems adapt lessons 

Medium High https://www.w
efo-
rum.org/sto-
ries/2024/04/f
uture-learn-
ing-ai-revolu-
tionizing-edu-
cation-4-0/  

https://onlined
egrees.sandi-
ego.edu/artifi-
cial-intelli-
gence-educa-
tion/  

https://www.mckinsey.com/industries/retail/our-insights/llm-to-roi-how-to-scale-gen-ai-in-retail
https://www.mckinsey.com/industries/retail/our-insights/llm-to-roi-how-to-scale-gen-ai-in-retail
https://www.mckinsey.com/industries/retail/our-insights/llm-to-roi-how-to-scale-gen-ai-in-retail
https://www.mckinsey.com/industries/retail/our-insights/llm-to-roi-how-to-scale-gen-ai-in-retail
https://www.mckinsey.com/industries/retail/our-insights/llm-to-roi-how-to-scale-gen-ai-in-retail
https://www.mckinsey.com/industries/retail/our-insights/llm-to-roi-how-to-scale-gen-ai-in-retail
https://www.mckinsey.com/industries/retail/our-insights/llm-to-roi-how-to-scale-gen-ai-in-retail
https://www.mckinsey.com/industries/retail/our-insights/llm-to-roi-how-to-scale-gen-ai-in-retail
https://www.mckinsey.com/industries/retail/our-insights/llm-to-roi-how-to-scale-gen-ai-in-retail
https://doi.org/10.1787/3f9a4d8d-en
https://doi.org/10.1787/3f9a4d8d-en
https://doi.org/10.1787/3f9a4d8d-en
https://www.tsia.com/blog/the-current-and-future-state-of-ai-in-professional-services
https://www.tsia.com/blog/the-current-and-future-state-of-ai-in-professional-services
https://www.tsia.com/blog/the-current-and-future-state-of-ai-in-professional-services
https://www.tsia.com/blog/the-current-and-future-state-of-ai-in-professional-services
https://www.tsia.com/blog/the-current-and-future-state-of-ai-in-professional-services
https://www.tsia.com/blog/the-current-and-future-state-of-ai-in-professional-services
https://www.tsia.com/blog/the-current-and-future-state-of-ai-in-professional-services
https://www.weforum.org/stories/2024/04/future-learning-ai-revolutionizing-education-4-0/
https://www.weforum.org/stories/2024/04/future-learning-ai-revolutionizing-education-4-0/
https://www.weforum.org/stories/2024/04/future-learning-ai-revolutionizing-education-4-0/
https://www.weforum.org/stories/2024/04/future-learning-ai-revolutionizing-education-4-0/
https://www.weforum.org/stories/2024/04/future-learning-ai-revolutionizing-education-4-0/
https://www.weforum.org/stories/2024/04/future-learning-ai-revolutionizing-education-4-0/
https://www.weforum.org/stories/2024/04/future-learning-ai-revolutionizing-education-4-0/
https://www.weforum.org/stories/2024/04/future-learning-ai-revolutionizing-education-4-0/
https://onlinedegrees.sandiego.edu/artificial-intelligence-education/
https://onlinedegrees.sandiego.edu/artificial-intelligence-education/
https://onlinedegrees.sandiego.edu/artificial-intelligence-education/
https://onlinedegrees.sandiego.edu/artificial-intelligence-education/
https://onlinedegrees.sandiego.edu/artificial-intelligence-education/
https://onlinedegrees.sandiego.edu/artificial-intelligence-education/
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dynamically based on student 
responses, providing custom-
ised pathways to help students 
master concepts at their own 
pace. 

• Assistive technology such as 
speech recognition software 
transcribe spoken words into 
text, helping students with dis-
abilities such as hearing impair-
ments or dyslexia to participate 
more fully in the classroom by 
converting speech to text and 
vice versa. 

• AI for curricula planning by an-
alysing educational data to 
identify trends and gaps. This 
ensures the curriculum remains 
relevant, comprehensive and 
aligned with learning objectives 
by suggesting updates based 
on the latest educational needs 
and standards. 

Virtual 3D Classrooms: The metaverse 
creates immersive virtual classrooms 
where students can interact with class-
mates and teachers. 

 

AI regula-
tory tech-
nologies 

Increased adoption of AI in regulatory 
technology has significantly expanded 
its use cases, cutting across banking, 
securities, insurance, and other financial 
services, and covering a wide variety of 
activities. These include identity verifica-
tion, AML/CFT, fraud detection, risk 
management, stress testing, micro-pru-
dential reporting, macro-prudential re-
porting, as well as compliance 

Medium High https://www.i
mf.org/en/Ne
ws/Arti-
cles/2021/10/
29/sp102921-
ai-and-reg-
tech  

AI in tele-
communi-
cations  

AI optimises network performance to en-
sure better connectivity. Chatbots and 
virtual assistants provide round-the-
clock customer support. Network opera-
tors are using AI models to detect faults, 
malfunctions, and anomalies within the 
network, which can cause service 

Medium Medium https://www.m
ckin-
sey.com/in-
dustries/tech-
nology-media-
and-

https://www.imf.org/en/News/Articles/2021/10/29/sp102921-ai-and-regtech
https://www.imf.org/en/News/Articles/2021/10/29/sp102921-ai-and-regtech
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Keyword Description Eco-
nomic 
impact80 

Societal 
impact81 

Source 

interruptions. Once an abnormal behav-
iour is identified, models can be trained 
to reduce future occurrences. AI also 
helps detect and prevent telecom fraud. 
Additionally, AI enhanced 5G deploy-
ment by dynamically managing network 
traffic. 

A new model of telecommunications is 
emerging, whereby AI-enabled automa-
tion of network management and tech-
nology is reducing cost-to-serve.  

GenAI capabilities are enabling sales 
and marketing personalisation to drive 
business growth, with opportunities to 
diversify revenue streams through AI in-
frastructure provision and AI-as-a-ser-
vice (AIaaS) offerings. 

Natural language capabilities are trans-
forming customer service, unlocking in-
novations in digital service, including AI-
powered retail assistants and natural 
language chatbots. 

telecommuni-
cations/our-in-
sights/how-
generative-ai-
could-revital-
ise-profitabil-
ity-for-telcos  

https://re-
ports.wefo-
rum.org/docs/
WEF_Artifi-
cial_Intelli-
gence_in_Tel-
ecommunica-
tions_2025.pd
f  

https://www.in
tel.com/con-
tent/www/us/e
n/learn/ai-in-
telecommuni-
cations.html  

 

AI in de-
fence 

• AI strengthens surveillance and 
reconnaissance by analysing 
satellite and drone footage for 
potential threats (e.g., en-
hanced geospatial intelligence 
gathering). It also enhances cy-
bersecurity and resilience from 
cognitive warfare by detecting 
and preventing cyberattacks in 
military networks. AI improves 
autonomous weapons systems 
(air, marine and ground vehi-
cles) by increasing precision 
and decision-making capabili-
ties. It also predicts geopolitical 
risks and anticipates security 
threats, aiding in strategic plan-
ning. In terms of support of con-
sult, command and control 
(C3), AI contributes to a deci-
sion advantage, promotes and 

Medium Medium https://www.n
ato.int/nato_st
atic_fl2014/as
sets/pdf/2023/
3/pdf/stt23-
vol2.pdf 

https://www.st
rate-
gyand.pwc.co
m/de/en/in-
dustries/aero-
space-de-
fense/ai-in-de-
fense.html  
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enables technologies that can 
improve decision quality, 
shorten the decision cycle, and 
increase information superior-
ity over opponents. 

AI in agri-
culture 

AI supports precision farming by analys-
ing soil and weather conditions to max-
imise crop yields. It detects plant dis-
eases and pests early, allowing for 
timely interventions. AI-driven robots au-
tomate harvesting, improving efficiency. 
Additionally, AI monitors livestock 
health, helping farmers optimise feeding 
strategies and detect illnesses early. Ad-
ditional use cases are provided below: 

• Automated irrigation and feed-
ing systems 

• Weed and pest management 

• Crop health monitoring and dis-
ease detection 

• Automated and precision har-
vesting 

Low Low https://www.m
ckin-
sey.com/in-
dustries/agri-
culture/our-in-
sights/from-
bytes-to-bush-
els-how-gen-
ai-can-shape-
the-future-of-
agriculture  

https://www.re
searchgate.ne
t/publica-
tion/37021311
4_Artificial_In-
telli-
gence_in_Ag-
riculture  

AI in Aero-
space 

AI enables predictive maintenance, 
helping to prevent mechanical failures 
before they occur. It also assists in au-
tonomous navigation for unmanned aer-
ial vehicles (UAVs). AI improves air traf-
fic management by optimising flight 
routes. Moreover, AI-powered vision 
systems inspect aircraft parts for de-
fects. Other examples of use cases in-
clude: 

• Aircraft structural damage and 
durability detection. 

• Spacecraft guidance and con-
trol. 

• Predictive fault detection and 
maintenance. 

Low Low https://dxc.co
m/us/en/in-
sights/per-
spectives/pa-
per/the-future-
of-ai-in-the-
aerospace-in-
dustry  

Abdulrahman, 
Y., Arnau-
tović, E., 
Parezanović, 
V., & Sveti-
novic, D. 
(2023). AI and 
blockchain 
synergy in 
aerospace en-
gineering: An 
impact survey 
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• Aerodynamic shape optimisa-
tion. 

• Automated welding and aircraft 
inspection. 

• Airport security and surveil-
lance. 

• Auto piloting systems. 

Air Traffic Management. 

on operational 
efficiency and 
technological 
challenges. 
IEEE Access, 
11, 87790-
87804. 

Sutthithatip, 
S., Perinpa-
nayagam, S., 
Aslam, S., & 
Wileman, A. 
(2021, Octo-
ber). Explain-
able ai in aer-
ospace for en-
hanced sys-
tem perfor-
mance. In 
2021 
IEEE/AIAA 
40th Digital 
Avionics Sys-
tems Confer-
ence (DASC) 
(pp. 1-7). 
IEEE. 
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Figure 15 Use cases of AI in energy intensive industries and energy renewables sector. Source: 

Quest, H., Cauz, M., Heymann, F., Rod, C., Perret, L., Ballif, C., ... & Wyrsch, N. (2022). A 3D indi-
cator for guiding AI applications in the energy sector. Energy and AI, 9, 100167.  
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4. Annex 

4.1. Bibliography 

 

Topic Selected references 

EU Strat-
egy & pol-
icy envi-
ronment 

• Data Act83 

• Data Governance Act84 

• Digital Service Act85 

• Digital Markets Act86 

• AI Act87 

• AI Office88 

• AI in Science Strategy89 

• GDPR90 

• Regulation of the Free Flow of non-personal data91 

• EUCS92 

• NIS2 Directive93 

• Communication Artificial Intelligence for Europe94 

• White Paper on AI95 

• Communication on fostering an EU approach to AI96 

• Revised coordinated Action Plan on AI97 

• IPCEI CIS98 

• AI continent action plan99 
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92 Retrieved: https://ec.europa.eu/newsroom/cipr/items/713799/en  
93 Retrieved: https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX:32022L2555  
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4.3. Taxonomy building methodology and next steps of the pro-
ject 

The taxonomy has been built based on the following steps: 

 

1. Review of established taxonomies on AI technology:  

• The team reviewed the list of AI taxonomies / typologies and frameworks focusing on their 
scope, granularity and application areas. 

2. Constitution of the literature corpus for keyword extraction: 

• As direct follow-up from the identified literature sources, our team selected a list of literature 
sources constituting the core background (training dataset) for AI technologies, ensuring a 
good representativity of AI technology development and adoption across sectors. 

• The data was collected in a single database to easily identify duplicate values and ensure 
that the sources identified capture AI technology. 

3. Establishing a taxonomy: 

• Our data science expert then deployed text mining techniques on the core list of sources 
(training data). This allowed the team to provide a robust definition and taxonomy (list of 
keywords) for AI technology development and adoption. More specifically: 

o We used a large language model (LLM) to extract AI-related keywords from 
each report. When reports included predefined keyword lists, those were ex-
tracted in full. 

o We consolidated all keywords from the reports and removed duplicates or very 
similar terms to ensure consistency. 

o We calculated the frequency of each keyword across reports to provide an 
initial indication of importance. 

o The LLM was also used to cluster similar keywords, helping to form a prelimi-
nary structure. 

o Experts reviewed the aggregated keyword list, filtered and rephrased terms as 
needed, and refined the taxonomy to ensure clarity and relevance. 

• Thematic experts then reviewed the list of keywords (taxonomy) and assessed if the defini-
tion and keywords provided enable to distinguish AI technology from others in a relevant 
manner. The keywords’ list was then refined according to experts’ feedback. 

4. Updated list of keywords and their categorisation based on the training data 

• The data science expert updated the list of keywords from additional sources.  

• The output from this stage consisted in additional keywords in the database specifying new 
identified keyword and their category.  

5. Human validation of the classification 

• The results of the final list of keywords and their categories were reviewed by the team.  

• This led to a manual reclassification of keywords.  

 

In terms of the next steps, the methodology for assessing AI adoption across European 
industrial sectors (Task 2) will be structured around the AI taxonomy developed in Task 
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1. This taxonomy will serve as the foundation for data collection and analysis by providing a 
comprehensive list of AI-related keywords and concepts relevant to each sector. Using this 
structured approach, the Consortium will create queries and search parameters that are aligned 
with sector-specific applications and terminology, ensuring consistency and comprehensive-
ness in data gathering across all sources.  

The taxonomy will initially be applied uniformly to search across data sources such as patent 
databases, job advertisements, and industry reports. However, as data collection progresses, 
Consortium will adapt it to incorporate sector-specific AI applications and terminology relevant 
to each industry. By the end of Task 2, the taxonomy will be refined to a higher level of precision, 
creating a framework that is both shaped by and adapted to the diverse ways AI is implemented 
across sectors. This dynamic approach ensures that the taxonomy remains comprehensive and 
relevant, capturing the full scope of AI technologies as they pertain to each NACE sector. 

To get a comprehensive view of AI adoption, the Consortium will employ a multi-source data 
collection strategy that combines both quantitative and qualitative inputs. These data sources 
include: 

• Sources of quantitative data: EU Survey on ICT Usage and E-commerce in Enterprises (car-
ried out by Eurostat), formal patent tracking, bibliometric analysis, job advertisements, and 
Crunchbase data on sector-specific funding and market activity. These sources will offer 
sector-specific data on AI presence, innovation, investment trends, and workforce demand. 

• Sources of qualitative data: industry reports, new literature, Horizon Scanning sources, ex-
pert interviews, and a targeted expert survey will provide context on sectoral AI applications, 
challenges, and future opportunities. This qualitative data will be essential to fill gaps, espe-
cially where quantitative data might be limited or lack contextual depth. 

 

Using the evolving taxonomy as a guiding structure, the Consortium will develop queries and 
data collection strategies that are adaptable, enabling to add new terms and sectoral nuances 
as they emerge. Given the variety of data sources and sector sizes, classification and normali-
sation are crucial for consistent and comparable analysis. Each data point will be categorised 
according to the AI taxonomy and its associated NACE sector, creating a dual classification by 
technology and sector. This will allow to organise data effectively and ensure that insights reflect 
both the specific AI technology and the industry context in which it is applied. 

Normalisation will address the differences in sector size and economic impact to allow for accu-
rate cross-sector comparisons. For example, factors such as the total number of companies, 
market size, workforce size, or startup numbers will be adjusted for using Eurostat’s Business 
Economy by Sector - NACE Rev. 2 publication as a baseline.103 

With the data classified, normalised, and aligned to an improved taxonomy, a scoring system 
will be implemented to assess AI adoption levels within each sector. Sectors will be evaluated 
against defined criteria that reflect key factors such as prevalence and centrality of AI in each 
sector. Scores will allow stakeholders to understand sectoral performance in AI adoption relative 
to each other, supporting cross-sectoral benchmarking. Finally, the Consortium will visualise 
each sector’s score and relative position in AI adoption. 

 

4.4. Validation workshop and consulted stakeholders 

The following organisations have been consulted: 

 
103Retrieved from: https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Business_econ-
omy_by_sector_-_NACE_Rev._2  

https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Business_economy_by_sector_-_NACE_Rev._2
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Business_economy_by_sector_-_NACE_Rev._2
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• ADRA 
• CEPS 
• EIT Digital 
• European Commission 
• IJS 
• INESC TEC 
• IPC 
• JRC 
• KU Leuven 
• OECD 
• SINTEF 
• Tallin University of Technology 
• TNO 
 

Screenshots from the validation workshop whiteboards are provided below. 

 
Figure 16 - - Barriers and Drivers for AI Development and Adoption. Source: Technopolis Group, Validation 

Workshop – 18th of March 2025 

The level of importance for each driver and barrier was classified based on expert judgment. 
This assessment was conducted during the validation workshop, where a group of domain ex-
perts shared their views and insights. The classification emerged through consensus among the 
experts present. The workshop served as a platform for collective discussion, allowing experts 
to evaluate each factor’s significance based on their professional experience and contextual 
knowledge. 
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Figure 17 - Taxonomy building: emerging and critical technology trends. Source: Technopolis Group, Validation 

Workshop – 18th of March 2025  

 

Figure 18 - AI applications and capabilities. Source: Technopolis Group, Validation Workshop – 18th of March 
2025



 

 

GETTING IN TOUCH WITH THE EU 
In person 
All over the European Union there are hundreds of Europe Direct centres. You can find the address of the centre nearest you 
online (european-union.europa.eu/contact-eu/meet-us_en). 
 
On the phone or in writing 
Europe Direct is a service that answers your questions about the European Union. 
You can contact this service: 
- by freephone: 00 800 6 7 8 9 10 11 (certain operators may charge for these calls), 
- at the following standard number: +32 22999696,  
- via the following form: european-union.europa.eu/contact-eu/write-us_en. 

 
FINDING INFORMATION ABOUT THE EU 
Online 
Information about the European Union in all the official languages of the EU is available on the Europa website (european-un-
ion.europa.eu). 
 
EU publications 
You can view or order EU publications at op.europa.eu/en/publications. Multiple copies of free publications can be ob-
tained by contacting Europe Direct or your local documentation centre (european-union.europa.eu/contact-eu/meet-us_en). 
 
EU law and related documents 
For access to legal information from the EU, including all EU law since 1951 in all the official language versions, go to EUR-Lex 
(eur-lex.europa.eu). 
 
EU open data 
The portal data.europa.eu provides access to open datasets from the EU institutions, bodies and agencies. These can be down-
loaded and reused for free, for both commercial and non-commercial purposes. The portal also provides access to a wealth of 
datasets from European countries. 

https://european-union.europa.eu/contact-eu/meet-us_en
https://european-union.europa.eu/contact-eu/write-us_en
https://european-union.europa.eu/index_en
https://european-union.europa.eu/index_en
https://op.europa.eu/en/publications
https://european-union.europa.eu/contact-eu/meet-us_en
https://eur-lex.europa.eu/
https://data.europa.eu/en


 

 

This report is the first deliverable of the study: “The Futures of Arti-
ficial Intelligence: Implications for Europe’s R&I Ecosystem”. It out-
lines the context and methodology for the creation of a taxonomy of 
Artificial Intelligence (AI). In this report, the trends of AI generation 
and adoption are listed and analysed, as well as the barriers for 
development and uptake of AI, emerging technologies and cross-
technological synergies. The taxonomy is then described in detail, 
integrating innovations in AI, AI capabilities and application areas. 
This taxonomy is designed to reflect the guidelines on AI systems 
definition, and to facilitate future research in AI systems. 
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