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Abstract 

This paper analyzes the contemporary development of artificial intelligence (AI) as a concentrated 
technological regime characterized by scaling dynamics, cumulative learning processes, and 
infrastructural control. Departing from approaches that treat AI as an exogenous technological shock, 

the analysis adopts an evolutionary perspective in which technological change is path-dependent and 
co-evolves with industrial organization and institutional conditions. 

The paper argues that industrial concentration in AI is not a contingent outcome of market 
imperfections, but an endogenous feature of the underlying technological trajectory. The dominant 
search heuristic—scaling through compute-intensive architectures—privileges capital deepening, 

access to large datasets, and control over computational infrastructures. These features generate 
increasing returns, reinforce cumulative advantages, and produce persistent asymmetries across 
firms. At the same time, the paper challenges conventional interpretations of AI-driven productivity 
growth. Indicators such as revenue per employee are shown to reflect monetary measures of value 
appropriation rather than clearly defined increases in output. In this context, observed 

“hyperproductivity” is better understood as a function of pricing power, control over proprietary 
knowledge, and the ability to monetize access to AI infrastructures. The analysis further shows that 
the translation of task-level performance improvements into broader economic outcomes is 
structurally mediated. AI systems generate localized efficiency gains, but their effective deployment 
depends on organizational transformation, complementary capabilities, and position within the 
technological stack. As a result, diffusion remains uneven and contingent, and value capture is shaped 

by industrial structure. 

Finally, the paper highlights the material dimension of the AI trajectory, emphasizing the 
environmental externalities associated with large-scale computational infrastructures. These 
resource-intensive dynamics are not peripheral, but intrinsic to the current scaling paradigm and 
further reinforce barriers to entry and concentration. Taken together, the paper provides a unified 

framework linking technological trajectories, industrial concentration, and value appropriation, 
offering a structurally grounded interpretation of the contemporary AI regime. 
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1. Introduction: Artificial Intelligence as a Concentrated Technological Regime 

The contemporary wave of artificial intelligence (AI), centered on large-scale machine learning and 
foundation models, is widely portrayed as a general-purpose technology destined to reshape 
production, organization, and innovation across sectors. Such framing captures the breadth of 

applicability of AI systems, but it risks obscuring the structural properties of the industrial regime 
within which AI currently evolves. Frontier AI development is embedded in an unusually 
concentrated and capital-intensive infrastructural architecture: advanced semiconductor design and 
fabrication, hyperscale cloud infrastructures, proprietary model training pipelines, and API-governed 
application ecosystems are controlled by a limited number of corporations. The core analytical 

problem is therefore not simply whether AI is transformative, but how its transformation is 
structurally organized, who captures the resulting rents, and under what conditions productivity gains 
diffuse across the economy. 

In this respect, the analysis developed in this paper departs from approaches that treat AI as an 
exogenous technological shock with uniform effects across the economy. Instead, it adopts an 

explicitly evolutionary perspective in which technological change is path-dependent, structurally 
embedded, and co-evolves with industrial organization and institutional arrangements. 

Within an evolutionary perspective, technological paradigms define the cognitive frames and search 
heuristics that guide innovation, while technological regimes shape patterns of competition, 
cumulativeness, and appropriability (Dosi 1982, Dosi 1984). If AI is interpreted as a paradigm 

structured around scaling heuristics and capital deepening, then concentration and rent extraction may 
be endogenous features rather than temporary anomalies. The regime perspective shifts attention from 
isolated technological breakthroughs to the co-evolution of technological trajectories, industrial 
organization, and institutional arrangements. 

We conceptualize artificial intelligence not merely as a new general-purpose technology, but as a 
concentrated technological regime structured by capital deepening, infrastructural control, and 

oligopolistic scaling. 

This conceptualization implies that the economic impact of AI cannot be inferred from technological 
capabilities alone. Instead, it must be analyzed through the interaction between scaling dynamics, 
cumulative learning processes, and the distribution of control over key infrastructural layers. 

Against this backdrop, the paper addresses six interrelated research questions. 

First, to what extent does the present AI wave represent a structurally grounded transformation within 
the ICT techno-economic paradigm, and to what extent does it exhibit characteristics of speculative 
overvaluation or bubble dynamics? The unprecedented scale of capital expenditures, valuation 
surges, and expectations of productivity acceleration invite comparison with previous episodes of 
technological exuberance. Distinguishing structural transformation from financial overshooting is 

essential for understanding the durability of current concentration patterns. 

Second, which structural properties of the AI regime make industrial concentration endogenous rather 
than transitory? In particular, how do scaling laws, capital intensity at the compute layer, recursive 
data feedback loops, and vertical integration across the technological stack shape market structure? 



Third, what is the impact of AI adoption on labor productivity, and how are productivity gains 

distributed across firms, sectors, and factors of production? While AI is frequently associated with 
large productivity potential, the translation of micro-level efficiency gains into aggregate productivity 
growth depends on diffusion conditions, complementary investments, and institutional mediation. 

Fourth, how has the AI regime reshaped the hierarchy among large digital corporations, producing a 
process of re-stratification or “rightsizing” among former web giants? Does AI induce Schumpeterian 
displacement, or does it reinforce and reorganize existing oligopolistic structures? 

Fifth, how does the recursive incorporation of user-generated data create new forms of cognitive 
surplus extraction within the AI regime? To what extent does user interaction function as a productive 
input that is not compensated according to marginal contribution? 

Taken together, these questions are addressed through a unified analytical framework that links 

technological trajectories, industrial concentration, and diffusion dynamics. The paper advances the 
argument that these dimensions are not independent but jointly determined by the structural properties 
of the AI regime. 

These questions frame AI not merely as a technological breakthrough but as a concentrated 
technological regime whose internal dynamics shape both productivity outcomes and distributional 

consequences. A central hypothesis developed in this paper is that AI may generate a productivity 
paradox under concentration: substantial task-level gains coexist with diffusion frictions and rent 
appropriation mechanisms that limit broad-based productivity acceleration. More specifically, the 
paper develops three interrelated claims. First, concentration in AI is an endogenous outcome of 
scaling, cumulativeness, and infrastructural control. Second, the translation of micro-level 

performance gains into aggregate productivity outcomes is mediated by organizational and structural 
constraints. Third, leadership in AI is associated with control over key layers of the technological 
stack and with the ability to shape the direction of technological search. 

The remainder of the paper proceeds as follows. Section 2 reviews the academic literature on the 
economics of AI and identifies unresolved tensions. Section 3 situates contemporary AI within the 
historical trajectory from symbolic systems to foundation and agentic architectures. Section 4 

analyzes scaling and capital deepening as structural drivers of endogenous concentration. Section 5 
develops the theoretical argument of the productivity paradox under concentration. Section 6 
examines empirical evidence on productivity and labor reallocation. Section 7 explores hyper 
productivity and the re-stratification of AI leaders. Section 8 concludes by revisiting the research 
questions in light of the cumulative analysis. 

  



2. The Economics of Artificial Intelligence: A Structured Review 

2.0 Introduction 

The economic analysis of artificial intelligence (AI) has expanded rapidly across multiple domains, 
including labor economics, industrial organization, innovation studies, and growth theory. Despite 

the richness of contributions, the literature remains fragmented, often organized around distinct 
analytical lenses that isolate specific mechanisms—task substitution, prediction efficiency, 
productivity gains, or platform dynamics—while only partially addressing the structural properties 
of technological change. 

A substantial body of work interprets AI within frameworks derived from neoclassical production 

theory or task-based models, in which technological change is represented as a shift in the relative 
efficiency of inputs or as a reallocation of tasks between human labor and automated systems 
(Acemoglu and Restrepo, 2018, 2019). Parallel contributions emphasize the role of AI in reducing 
the cost of prediction and reshaping decision-making processes (Agrawal, Gans, and Goldfarb, 2018), 
while empirical studies document productivity gains at the task or firm level (Brynjolfsson et al., 

2025; Noy and Zhang, 2023). 

While these approaches provide important insights, they tend to share a common limitation: they 
abstract from the processes through which technological knowledge evolves, from the cumulative 
and path-dependent nature of innovation, and from the material and organizational conditions shaping 
the direction of technological search. In doing so, they offer partial representations of AI as an input 

into production or decision-making, rather than as a technological trajectory embedded in a broader 
system of innovation. 

An alternative perspective, rooted in the evolutionary tradition (Dosi, 1982; Nelson and Winter, 1982; 
Freeman and Perez, 1988; Dosi and Nelson, 2010), places at the center of the analysis the notions of 
technological paradigms, trajectories, and regimes. Within this framework, technological change is 
understood as a cumulative process of problem-solving under conditions of bounded rationality, 

characterized by localized search, heterogeneous capabilities, and selection mechanisms operating 
across firms and industries. Innovation is not a movement along a well-defined production function, 
but a process of exploration within a structured and evolving space of technological opportunities. 

From this standpoint, artificial intelligence is best interpreted as a specific technological trajectory, 
characterized by distinct knowledge heuristics, infrastructural requirements, and industrial 

configurations. The purpose of this section is to reconstruct the main strands of the literature and to 
reposition them within an analytical framework that integrates technological evolution, firm 
heterogeneity, and industrial dynamics. 

 

2.1 From Tasks to Technological Trajectories 

A dominant strand of the economic literature on artificial intelligence builds on task-based 
frameworks in which production is decomposed into a set of tasks that can be performed either by 
human labor or by automated systems (Acemoglu and Restrepo, 2018, 2019). Within this perspective, 
technological change operates by altering the relative costs of task execution, leading to substitution, 

complementarity, or reallocation effects across factors of production. 



This approach has proven particularly influential in the analysis of labor market dynamics, as it allows 

for a granular representation of technological change and provides a tractable framework for studying 
displacement and reallocation processes. However, despite its analytical strengths, the task-based 
perspective presents important limitations when applied to the study of artificial intelligence as a 
technological phenomenon. 

First, it treats technological change largely as exogenous or weakly endogenous. The emergence of 

new technologies is not modeled explicitly as the outcome of cumulative learning and 
experimentation but is instead incorporated as a shift in the feasibility or cost of performing certain 
tasks. As a result, the underlying processes of knowledge generation, search, and innovation remain 
outside the analytical scope. 

Second, it abstracts from the structural properties of technological knowledge. Tasks are assumed to 

be well-defined and separable, while in reality many AI applications involve complex, interdependent 
processes that cannot be easily decomposed into independent units. Moreover, the representation of 
technology as a set of substitutable inputs obscures the role of technological architectures, design 
choices, and problem-solving heuristics. 

Third, and more fundamentally, the task-based approach does not capture the path-dependent nature 

of technological trajectories. It does not explain why certain directions of innovation are pursued 
while others are not, nor how past investments, accumulated capabilities, and institutional contexts 
shape the evolution of technology over time. 

An evolutionary perspective offers a broader analytical framework. Building on the notion of 
technological paradigms (Dosi, 1982), innovation is interpreted as a process of search guided by 

shared cognitive frames and problem-solving heuristics. Within each paradigm, technological 
trajectories define relatively ordered directions of progress, along which improvements are 
cumulative and learning processes are localized. Firms operate under conditions of bounded 
rationality (Simon, 1955), relying on routines and heuristics (Nelson and Winter, 1982), and compete 
through processes of Schumpeterian selection. 

In this context, artificial intelligence can be interpreted as the unfolding of a technological trajectory 

centered on large-scale statistical learning. The direction of search is shaped by the availability of 
data, advances in computational power, and the development of scalable architectures (Kaplan et al., 
2020; Hoffmann et al., 2022). Innovation is cumulative, as improvements build upon existing models, 
datasets, and infrastructures. At the same time, entry into frontier innovation requires access to 
increasingly complex and capital-intensive resources, introducing structural barriers that are not 

captured by task-based models. 

Thus, rather than viewing AI as a set of technologies that substitute or complement human tasks, it is 
more appropriate to interpret it as a trajectory characterized by specific technological opportunities, 
constraints, and cumulative dynamics. 

 

  



2.2 Artificial Intelligence as a Transformation in the Knowledge Paradigm 

A second strand of the literature emphasizes the role of artificial intelligence in reducing the cost of 
prediction and in reshaping decision-making processes within organizations (Agrawal, Gans, and 
Goldfarb, 2018). This perspective highlights how improvements in predictive accuracy can enhance 
the value of complementary human activities such as judgment, coordination, and interpretation. 

While this framework captures important aspects of AI adoption, it implicitly assumes a relatively 
stable structure of knowledge production. It focuses on the effects of improved prediction within 
existing decision-making processes, rather than on the transformation of the underlying knowledge 
paradigm. 

An evolutionary approach emphasizes instead that different technological paradigms are 

characterized by distinct modes of knowledge representation, accumulation, and use. In this respect, 
the transition from symbolic artificial intelligence to contemporary machine learning represents a 
fundamental shift. 

Symbolic AI was based on explicit representations of knowledge, rule-based reasoning, and attempts 
to formalize cognitive processes (Newell and Simon, 1976). Innovation in this paradigm involved the 

refinement of representations and inference mechanisms, often relying on domain-specific expertise 
and structured knowledge bases. 

Contemporary AI, by contrast, is grounded in large-scale statistical learning (LeCun, Bengio, and 
Hinton, 2015). Knowledge is no longer represented explicitly but is embedded in high-dimensional 
parameter spaces derived from large datasets. Learning is achieved through optimization processes 

that identify statistical regularities rather than causal structures. As a result, the locus of innovation 
shifts from representation design to data acquisition, model scaling, and computational efficiency. 

This transformation has profound implications for the direction of technological search. The 
availability of data becomes a central determinant of innovation, as does access to computational 
resources. Improvements in performance are often achieved through scaling—larger models, larger 
datasets, and more computational power—rather than through conceptual breakthroughs. Empirical 

evidence on scaling laws (Kaplan et al., 2020; Hoffmann et al., 2022) suggests that performance 
improvements follow systematic patterns linked to resource intensity, reinforcing the cumulative 
nature of the trajectory. 

At the same time, this paradigm exhibits strong increasing returns and path dependency. Models build 
upon previous architectures, datasets are reused and extended, and improvements in hardware and 

software reinforce each other. These dynamics contribute to the emergence of technological regimes 
characterized by high entry barriers and persistent asymmetries among firms. 

Thus, artificial intelligence should be interpreted not merely as a tool that enhances existing 
processes, but as a transformation in the way knowledge is generated, represented, and exploited, 
with significant implications for both innovation and industrial organization. 

 

2.3 Diffusion, Firm Heterogeneity, and Capability Accumulation 

Empirical evidence on the adoption and impact of artificial intelligence reveals significant 
heterogeneity across firms, sectors, and organizational contexts. While some firms achieve substantial 



performance improvements, others struggle to integrate AI into their operations or derive limited 

benefits. 

Micro-level studies document productivity gains in specific tasks, particularly in knowledge-
intensive activities (Noy and Zhang, 2023; Brynjolfsson et al., 2025). However, these gains are not 
uniform and depend critically on organizational factors, including the ability to redesign workflows, 
integrate new tools, and develop complementary capabilities. 

From an evolutionary perspective, such heterogeneity is not a temporary deviation from equilibrium, 
but a structural feature of technological regimes. Firms differ in their knowledge bases, routines, and 
learning processes (Nelson and Winter, 1982). They also differ in their ability to sense, seize, and 
reconfigure opportunities (Teece, 2007), and in their absorptive capacity to recognize and exploit 
external knowledge (Cohen and Levinthal, 1990). 

The adoption of AI therefore requires more than the availability of technology. It involves processes 
of capability accumulation, organizational adaptation, and learning-by-doing. Firms must develop the 
ability to identify relevant applications, integrate AI into existing processes, and manage the 
interaction between human and machine components. 

These processes are inherently path-dependent. Firms that have accumulated relevant capabilities in 

related domains are better positioned to adopt AI, while others may face significant barriers. As a 
result, technological diffusion is uneven and may reinforce existing differences in performance. 

Moreover, the increasing importance of data and computational resources introduces new forms of 
asymmetry. Firms with access to large datasets and advanced infrastructures can train more powerful 
models and achieve better performance, further widening the gap with competitors. In this sense, AI 

may act as a force of divergence rather than convergence, amplifying heterogeneity across firms 

 

2.4 Industrial Structure, Platforms, and Endogenous Concentration 

A growing literature documents the increasing concentration of economic activity in digital markets, 
often attributed to network effects, economies of scale, and data accumulation (Varian, 2019). In the 
context of artificial intelligence, these tendencies are reinforced by the material and infrastructural 
requirements of frontier innovation. 

Frontier AI development requires access to specialized hardware, large-scale computational 
infrastructures, and extensive datasets. These requirements create substantial fixed costs and raise 
barriers to entry. At the same time, complementarities between different layers of the technology 
stack—semiconductors, cloud computing, model development, and application deployment—favor 
vertical integration and the consolidation of capabilities within a limited number of firms. 

From an evolutionary perspective, industrial structure emerges from the interaction between 
technological opportunities, firm capabilities, and selection mechanisms (Malerba, 2002). When 
technological trajectories exhibit strong cumulative properties and increasing returns, concentration 
may arise endogenously rather than as a transient outcome. 

The AI trajectory displays precisely these features. Early investments in infrastructure and capabilities 

generate advantages that are reinforced over time through learning, data accumulation, and economies 



of scale. Firms operating at the frontier can leverage their position to expand into adjacent domains, 

strengthening their competitive advantage. 

Recent contributions have also emphasized the role of enabling technologies in shaping new industrial 
paradigms, highlighting how clusters of interrelated innovations co-evolve and reinforce structural 
transformations (Martinelli, Mina, & Moggi, 2021). 

At the same time, the industrial structure of AI is not uniform. While the infrastructural layer—
comprising hardware, cloud platforms, and foundation models—tends toward oligopolistic 
configurations, the application layer remains more open, with a broader population of firms 
developing specialized solutions. This multi-layered structure reflects the co-evolution of 
technological trajectories and industrial organization. 

 

2.5 Synthesis and Open Issues 

The review highlights several limitations in the existing literature. First, many analytical frameworks 
treat technological change as exogenous or insufficiently grounded in the processes of knowledge 
accumulation and learning. Second, the material and infrastructural conditions of technological 

development—such as computational resources, energy requirements, and hardware constraints—
remain underexplored, despite their central role in shaping the AI trajectory. Third, the relationship 
between technological trajectories and industrial structure is only partially understood, particularly 
with regard to the mechanisms through which concentration emerges from cumulative dynamics and 
increasing returns. Finally, the transformation of the knowledge paradigm associated with 

contemporary AI raises broader questions about the nature of innovation and the limits of existing 
analytical frameworks. 

The present paper addresses these issues by integrating an evolutionary perspective on technological 
change with an analysis of infrastructural constraints and industrial dynamics, providing a more 
comprehensive framework for understanding the economics of artificial intelligence. 

 

3. The Historical Evolution of Artificial Intelligence: From Expert Systems to 

Agentic Architectures 

Understanding contemporary artificial intelligence as a concentrated technological regime requires 
situating it within its historical evolution. AI has not progressed linearly. Rather, it has moved through 
distinct phases characterized by different dominant heuristics, opportunity conditions, and capital 
requirements. At the same time, from an evolutionary perspective, these phases can also be interpreted 

as successive technological paradigms and trajectories, each defined by distinct problem-solving 
principles, search heuristics, and patterns of cumulative improvement (Dosi, 1982; Nelson & Winter, 
1982; Dosi & Nelson, 2010). 

Contemporary AI is therefore not simply the latest stage of a continuous technical progression; it is 
the outcome of a sequence of paradigm shifts and trajectory deepening processes, each of which 

reshaped both the cognitive content of innovation and the industrial conditions under which it takes 
place. 

 



3.1 The Era of Symbolic AI and Expert Systems 

The early phase of artificial intelligence, spanning roughly from the 1950s to the late 1980s, was 
dominated by symbolic approaches grounded in formal logic, rule-based reasoning, and explicit 
knowledge representation (Newell & Simon, 1976; Russell & Norvig, 2010). Systems such as 
MYCIN and XCON encoded domain expertise into structured rule systems, with inference engines 

applying logical rules to solve problems. 

The underlying search heuristic of this phase was cognitive emulation: the attempt to reproduce 
human reasoning through symbolic manipulation. Progress depended primarily on advances in 
knowledge engineering, including the construction of ontologies, rule bases, and inference 
mechanisms. 

From an evolutionary perspective, this phase can be interpreted as a distinct technological paradigm 
characterized by a specific set of problem-solving heuristics centered on representation and 
formalization (Dosi, 1982). Progress followed relatively localized trajectories, constrained by the 
difficulty of scaling knowledge representation and by the limited capacity to handle uncertainty and 
variability in real-world environments. 

However, symbolic AI encountered structural bottlenecks. Knowledge acquisition proved costly and 
brittle, and systems struggled with ambiguity, noise, and generalization beyond narrow domains. 
These limitations contributed to the so-called “AI winters” (Crevier, 1993; Nilsson, 2010). 
Importantly, from an evolutionary viewpoint, such limits were not simply contingent failures but 
reflected the boundaries of the paradigm itself. 

The symbolic paradigm defined a particular space of feasible problem-solving, but also constrained 
technological search by privileging explicit representation and deductive inference. As in other 
technological domains, the same heuristics that guide search also limit it, making some directions of 
progress more visible and others effectively inaccessible. 

Importantly, this phase exhibited low capital intensity and limited industrial concentration. The 
regime lacked a scaling heuristic analogous to Moore’s Law. Technological opportunity existed, but 
cumulative dynamics were weak. Knowledge accumulation occurred, but it did not yet generate the 
kind of self-reinforcing trajectory patterns later observed in microelectronics or deep learning. 

 

3.2 Statistical Machine Learning and the Data Turn 

From the 1990s onward, artificial intelligence shifted toward statistical machine learning, marking a 
significant reorientation in the underlying knowledge paradigm. Rather than attempting to explicitly 
encode intelligence, systems began to learn from data through probabilistic models, statistical 
inference, and pattern recognition techniques (Bishop, 2006; Vapnik, 1998; Hastie, Tibshirani & 
Friedman, 2009). 

This phase was characterized by a diversification of methodological approaches, including 
probabilistic graphical models, Bayesian inference methods, support vector machines, ensemble 
techniques, and early neural network architectures. These methods expanded the range of feasible 
applications, particularly in domains such as classification, recommendation systems, fraud detection, 
and information retrieval. 



The transition to statistical learning reflects a deeper transformation in the direction of technological 

search. The focus shifted from representation to performance, from deductive reasoning to inductive 
inference, and from handcrafted knowledge to empirical learning processes. In evolutionary terms, 
this corresponds to the emergence of a new technological paradigm guided by different heuristics and 
evaluation criteria. 

Importantly, this transition coincided with the rapid expansion of digital infrastructures and the 

growth of the internet. The increasing availability of large-scale datasets enabled more systematic 
experimentation and validation, reinforcing the empirical orientation of the paradigm (Varian, 2019; 
McAfee & Brynjolfsson, 2017). 

Despite these advances, capital requirements remained moderate relative to later phases. Innovation 
remained relatively open, with significant contributions from universities, research institutes, and 

smaller firms. However, cumulative dynamics began to strengthen, as performance improvements 
became increasingly dependent on access to larger datasets and more extensive computational 
resources. 

 

3.3 The Deep Learning Breakthrough and the Return of Scaling 

The resurgence of neural networks in the 2010s marked a major inflection point in the evolution of 
artificial intelligence. Advances in deep learning demonstrated that multi-layer neural networks 
trained on large datasets could outperform traditional machine learning methods across a wide range 
of tasks (LeCun, Bengio & Hinton, 2015). 

In practical terms, this phase involved a series of domain-specific breakthroughs, including image 
classification (e.g., ImageNet competitions), speech recognition, and early advances in natural 
language processing. These successes were not isolated but reflected the increasing effectiveness of 
deep neural networks across multiple domains. 

A critical enabling factor was the adoption of graphical processing units (GPUs) and parallel 

computing architectures, which dramatically reduced training times and enabled experimentation 
with deeper and more complex models. This allowed researchers and firms to scale models in ways 
that were previously infeasible. 

A central feature of this phase was the emergence of scaling as a dominant heuristic guiding 
technological search. Empirical evidence, later formalized in scaling laws (Kaplan et al., 2020; 

Hoffmann et al., 2022), showed that performance improves systematically with increases in model 
size, data, and computational resources. Sutton’s (2019) “Bitter Lesson” captured this shift: general 
methods that leverage large amounts of data and compute tend to outperform domain-specific, hand-
engineered solutions. 

From an evolutionary perspective, this marks a transition toward a trajectory characterized by strong 

cumulative dynamics, increasing returns, and path dependency. Innovation becomes increasingly tied 
to resource expansion, and past investments in models, data, and infrastructure shape future 
innovation possibilities. 

 

3.4 Foundation Models and the Reorganization of Innovation 



The introduction of transformer architectures (Vaswani et al., 2017) enabled the development of 

large-scale foundation models capable of performing multiple tasks within a unified framework. 
Models such as GPT-3 (Brown et al., 2020) demonstrated that sufficiently large systems could 
generalize across tasks without explicit task-specific training. 

A key feature of this phase is the distinction between training and deployment. Training foundation 
models requires substantial upfront investments in computational resources, data curation, and 

engineering capabilities, while deployment occurs through scalable cloud-based infrastructures, often 
mediated by APIs (Bommasani et al., 2021). 

This separation has important implications. A relatively small number of actors can control the core 
models, while a much larger ecosystem of firms develops applications on top of them. The resulting 
architecture resembles a platform-based system, where value creation is distributed but control 

remains concentrated. 

 

3.5 LLMs and Agentic AI: Technical Foundations and Trajectory Implications 

Large language models (LLMs) represent the most advanced instantiation of the foundation model 

paradigm. Technically, they are based on transformer architectures that use self-attention mechanisms 
to model relationships within sequences of tokens (Vaswani et al., 2017). Given an input sequence, 
the model estimates the probability distribution over possible continuations, effectively learning a 
compressed statistical representation of language (Brown et al., 2020; OpenAI, 2023). 

Training these models involves optimizing billions or trillions of parameters over massive corpora 

using gradient-based methods. Knowledge is embedded in distributed representations rather than 
explicit symbolic structures, enabling generalization across tasks. 

Agentic AI extends these capabilities by embedding LLMs within more complex system 
architectures. These systems integrate memory, planning modules, and interfaces to external tools, 
allowing them to perform multi-step tasks, execute sequences of actions, and adapt dynamically (Yao 
et al., 2022; Park et al., 2023; OpenAI, 2024). 

The key analytical question is whether these developments constitute a technological breakthrough. 
From a technical standpoint, LLMs do not introduce a fundamentally new learning paradigm. They 
extend the deep learning trajectory based on statistical inference and large-scale optimization. 

However, from the perspective of technological trajectories, their impact is substantial. Scaling 
introduces strong increasing returns and cumulative dynamics, while foundation models reorganize 

the structure of innovation. Agentic systems further extend the trajectory toward more autonomous 
and interactive systems. 

Thus, the current phase of AI combines continuity in underlying learning paradigms with 
discontinuity in scale, infrastructure, and industrial organization. 

Figure 1 – Evolution of the AI Technological Trajectory 



Phase Dominant Heuristic 
Compute 

Intensity 
Industrial Structure 

Symbolic AI (1950s–1980s) Rule-based reasoning Low 
Fragmented, 
academic 

Statistical Machine Learning 
(1990s–2000s) 

Data-driven models Moderate 
Early platform 
advantages 

Deep Learning (2010s) Neural network scaling High 
Increasing 
concentration 

Foundation Models / LLMs 
(2020s) 

Compute scaling laws Very high 
Oligopolistic 
infrastructure 

Agentic AI 
System integration and 

autonomy 
Extremely high Vertical integration 

 

3.6 Technological Paradigms, Regimes, and the Semiconductor Foundation 

Artificial intelligence must be understood within a broader technological hierarchy. The 

semiconductor revolution provides the foundational paradigm underpinning the digital economy, 
enabling continuous improvements in computational capacity (Freeman & Perez, 1988; Moore, 
1965). 

Within this paradigm, digital technologies such as the internet, platforms, and AI can be interpreted 
as successive technological regimes (Malerba, 2002). AI represents the most recent phase, in which 

computational capability itself becomes the central driver of value creation. 

From an evolutionary perspective, technological paradigms define the fundamental principles guiding 
problem solving within a domain, while technological regimes describe the structural patterns through 
which innovation unfolds, including the degree of cumulativeness, appropriability conditions, and the 
nature of industrial competition (Dosi, 1982; Dosi & Nelson, 2010; Malerba, 2002). This distinction 
is particularly useful in the case of artificial intelligence, as it allows one to avoid overstating its 

novelty as a fully autonomous paradigm while still capturing the specificity of its current regime. 

In this framework, the semiconductor trajectory can be interpreted as the underlying paradigm that 
defines the feasible space of computational expansion. Continuous improvements in transistor 
density, energy efficiency, and fabrication processes have systematically expanded the computational 
frontier, reducing the cost of processing while increasing performance. These developments exhibit 

the canonical features of a technological trajectory, including relatively ordered progress along key 
techno-economic dimensions and strong path dependency. 

Artificial intelligence, in turn, evolves as a regime embedded within this broader paradigm. Its 
development depends critically on access to computational resources, which are themselves 
determined by advances in semiconductor technologies and large-scale computing infrastructures. 

This creates a layered structure in which progress at the AI level is constrained and enabled by 
developments at the hardware and infrastructure levels. 

This hierarchical relationship can be schematically represented as: 

Semiconductor technological paradigm 
→ Digital technological regimes (internet, platforms, AI) 
→ Application ecosystems 



Within this layered structure, three major regimes can be identified within the digital trajectory. The 

first corresponds to the emergence of global digital networks following the diffusion of the TCP/IP 
protocol and the expansion of the internet during the 1990s. This phase transformed communication 
and information exchange by enabling decentralized digital connectivity and by lowering 
coordination costs across economic actors This interpretation is also consistent with analyses that 
frame digital technologies within long-wave dynamics, where successive technological 

configurations build upon and transform previous infrastructures (Bonaccorsi & Moggi, 2020). 

A second regime emerged with the expansion of the platform economy during the 2000s and 2010s. 
In this phase, digital infrastructures combined with large-scale data collection, algorithmic 
recommendation systems, and multi-sided markets. The central economic mechanisms of this regime 
were network effects, data accumulation, and platform-mediated interactions. 

The contemporary AI regime represents a third phase within this broader trajectory. Unlike the earlier 
regimes, the AI phase places computational capability itself at the center of value creation. Machine 
learning systems transform large volumes of data into predictive and generative capabilities, but their 
performance depends directly on the availability of large-scale compute. Artificial intelligence 
therefore intensifies the dependence of digital innovation on the continued evolution of 

semiconductor technologies. 

This layered interpretation has several implications. First, technological progress in AI remains 
tightly coupled to developments in semiconductor manufacturing and chip architecture. Bottlenecks 
in advanced fabrication, energy efficiency, or accelerator production can directly constrain the 
expansion of AI capabilities. Second, the dependence on specialized hardware contributes to 

increasing industrial concentration, as control over key layers of the technology stack—such as 
advanced chip design, fabrication capacity, and hyperscale cloud infrastructure—becomes 
strategically central to participation in frontier innovation. 

Third, the AI regime increasingly exhibits infrastructural characteristics. Large-scale computational 
systems function as general-purpose infrastructures that support a wide range of economic activities, 
much like electricity or transportation systems in previous techno-economic paradigms. This 

infrastructural dimension reinforces the cumulative and path-dependent nature of the trajectory, as 
investments in compute, data, and models generate feedback loops that shape future innovation. 

Finally, the dependence of AI on semiconductor progress introduces significant geopolitical and 
industrial dimensions. Advanced semiconductor production is highly concentrated geographically, 
particularly in East Asia and the United States. The dominance of a small number of firms in advanced 

fabrication and AI accelerator design creates structural dependencies for regions lacking domestic 
capabilities. In this respect, the European Union provides a clear example: despite strong capabilities 
in research and equipment manufacturing, it remains dependent on global supply chains for leading-
edge chips, which in turn affects its position in the AI ecosystem. 

In this sense, artificial intelligence should not be interpreted as a new techno-economic paradigm 

replacing the digital economy. Rather, it represents an advanced technological regime within a 
broader semiconductor-based paradigm in which computational scale becomes the central driver of 
both technological performance and industrial organization. This perspective reinforces the argument 
developed in the following sections: as computational scale and infrastructural control become 
increasingly central, they play a decisive role in shaping the concentration dynamics observed in the 

contemporary AI economy. 



Figure 2 – The Semiconductor-Based Techno-Economic Paradigm and Digital Technological 

Regimes 

Layer Technological Driver 
Historical 

Phase 
Economic Logic 

Techno-economic 

paradigm 

Semiconductor revolution 
(integrated circuits, Moore’s 
Law) 

1970s–
present 

Falling cost of computation and 
exponential growth of processing 

power 

Technological 

regime 1 
Internet infrastructure 
(TCP/IP, networking) 

1990s–
2000s 

Global connectivity and digital 
communication 

Technological 

regime 2 
Digital platforms and data 
ecosystems 

2000s–
2010s 

Network effects, data accumulation, 
platform ecosystems 

Technological 

regime 3 
Artificial intelligence and 
foundation models 

2010s–
present 

Compute-intensive learning and 
predictive/generative systems 

Emerging regime 

layer 
Agentic AI and autonomous 
digital systems 

2020s– 
System integration and workflow 
automation 

 

4. Endogenous Concentration in Artificial Intelligence 

4.1 From Technological Trajectories to Industrial Structure 

The evolution of artificial intelligence outlined in the previous section has direct implications for 

industrial organization. In an evolutionary perspective, market structure is not exogenously given, but 
co-evolves with technological paradigms and trajectories (Dosi, 1982; Nelson & Winter, 1982). 

The properties of the AI trajectory—particularly scaling, cumulativeness, and infrastructural 
dependence—shape the distribution of capabilities across firms and, ultimately, the structure of 
competition. 

Empirically, this co-evolution is already visible. A small number of actors dominate frontier model 

development, while a broader ecosystem of firms operates at the application layer. The concentration 
observed in AI is therefore not simply the result of strategic behavior or regulatory gaps but reflects 
the underlying technological conditions. 

Rather than interpreting concentration as the outcome of market imperfections alone, it is more 
appropriate to view it as an endogenous result of the underlying technological dynamics. The 

direction of technological search, the nature of learning processes, and the material requirements of 
innovation jointly define the conditions under which firms compete and grow (Dosi & Nelson, 2010). 

This implies that conventional distinctions between “market structure” and “technology” are 
analytically misleading in this context. In AI, the organization of production—who can train, deploy, 
and iterate on models—is itself a direct consequence of the trajectory’s resource requirements and 
learning mechanisms. Industrial structure is therefore not a background condition but an outcome of 
the same processes that generate technological progress. 

 



4.2 Scaling and Increasing Returns 

A central feature of the contemporary AI trajectory is the role of scaling. Performance improvements 
in large models are strongly correlated with increases in computational resources, dataset size, and 
model parameters (Kaplan et al., 2020; Hoffmann et al., 2022). 

This introduces a regime characterized by strong increasing returns. Larger models trained on larger 

datasets tend to achieve better performance, which in turn attracts more users, more data, and more 
resources. 

Concrete evidence of this dynamic can be observed in the evolution of frontier models. The transition 
from models such as GPT-3 to more recent systems required orders of magnitude increases in 
compute budgets and training scale (Brown et al., 2020; OpenAI, 2023). Similar dynamics are 

observable in models developed by firms such as Google DeepMind and Anthropic, where successive 
generations of models rely on systematically larger training runs. 

From an economic perspective, this dynamic resembles classical cases of increasing returns in 
technological systems. However, in AI, increasing returns are not simply demand-side (as in network 
effects), but are embedded directly in the production of knowledge itself. Learning becomes scale-

dependent, reinforcing cumulative advantages (Sutton, 2019). 

A further implication is that the “production function” of AI systems is not well described by smooth 
substitutability among inputs. Instead, performance exhibits threshold and complementarity effects: 
gains materialize when compute, data, and model design are expanded jointly. This reinforces the 
incentive to concentrate resources rather than diffuse them, as fragmented investments fail to reach 

the scale at which returns accelerate. 

4.3 Environmental Externalities of the AI Trajectory 

A further dimension of the contemporary AI trajectory concerns its environmental impact. The 
scaling dynamics described above are not only economically and technologically significant, but also 
materially intensive. 

Training and deploying large-scale AI models require substantial computational resources, which in 
turn rely on energy-intensive data center infrastructures. The expansion of model size, training 
duration, and inference demand has led to a significant increase in electricity consumption, as well as 
in the associated carbon footprint. 

From a structural perspective, these environmental externalities are not incidental. They are directly 

linked to the dominant search heuristic of the current AI paradigm, which prioritizes performance 
improvements through scaling. As models become larger and more compute-intensive, marginal 
gains in performance are often achieved at increasing environmental cost. 

This introduces a tension within the trajectory itself. On the one hand, scaling drives technological 
progress and reinforces competitive advantage. On the other hand, it generates resource-intensive 

dynamics that may prove economically and environmentally unsustainable. 

Moreover, environmental costs are unevenly distributed. Large firms operating hyperscale 
infrastructures are able to invest in energy optimization and access lower-cost energy sources, while 
smaller actors face higher relative costs. This further reinforces concentration dynamics, as 
environmental efficiency becomes an additional barrier to entry. 



In this sense, environmental impact is not an external constraint imposed on the AI regime, but an 

intrinsic dimension of its evolution. It reflects the material underpinnings of a trajectory often 
described in purely digital terms. 

4.4 Cumulativeness, Path Dependency, and Divergence 

The AI trajectory is strongly cumulative. Advances build on prior models, datasets, and 

infrastructures. Training processes rely on previous generations of models, fine-tuning pipelines, and 
accumulated data (Bommasani et al., 2021). 

This creates path dependency. Early choices in architecture, data strategy, and infrastructure 
investments shape subsequent innovation paths, making alternative trajectories increasingly difficult 
to pursue (Dosi, 1982). 

As a result, firms that achieve early advantages—whether in compute, data, or talent—are able to 
reinforce their position over time. The divergence between leading and lagging actors is visible in the 
gap between frontier model developers and smaller firms, which increasingly rely on access to 
external APIs rather than developing models independently. 

Importantly, cumulativeness operates at multiple layers simultaneously: model weights and 

architectures accumulate improvements; datasets and feedback loops expand with usage; and 
organizational routines (evaluation, alignment, deployment) become more effective over time. This 
layered feedback increases the persistence of leadership and raise the cost of late entry, amplifying 
divergence across firms. 

 

4.5 Infrastructure as a Barrier to Entry 

A defining characteristic of the current AI regime is the centrality of infrastructure. Access to 
computational resources—particularly large-scale GPU and accelerator clusters—has become a 
prerequisite for frontier model development. 

Training state-of-the-art models requires: 

• massive computational capacity 
• access to large-scale datasets 
• specialized engineering capabilities 
• substantial financial resources 

These requirements create high entry barriers. For example, access to advanced AI accelerators—
such as those produced by NVIDIA—is increasingly constrained by supply limitations and long 
procurement cycles. 

At the same time, hyperscale cloud providers such as Amazon Web Services, Microsoft Azure, 
and Google Cloudcontrol the infrastructure required to train and deploy large-scale models (Varian, 
2019). 

In this context, infrastructure becomes both: a critical productive input and a source of strategic 
control. 



Firms without access to these infrastructures face significant constraints in participating in frontier 

innovation. 

Moreover, infrastructure exhibits strong indivisibilities and coordination requirements (cluster 
orchestration, networking, storage throughput), which limit the feasibility of small-scale entry. Even 
when nominal access exists via cloud interfaces, effective use at the frontier requires sustained, large-
budget allocations and deep engineering capabilities, further raising de facto entry barriers. 

 

4.6 Foundation Models and Centralization 

The emergence of foundation models further reinforces concentration dynamics. Training a single 
frontier model requires extremely high fixed costs, while the marginal cost of serving additional users 

is relatively low (Bommasani et al., 2021). 

This cost structure favors centralization. A limited number of firms—including OpenAI, Google 
DeepMind, and Anthropic—are able to invest in large-scale model development. 

At the same time, a much broader ecosystem of firms builds applications on top of these models 
through API access. This reflects a platform-like structure, consistent with prior analyses of digital 

industrial organization (McAfee & Brynjolfsson, 2017). 

The result is a layered industrial structure: 

• core layer → highly concentrated 
• application layer → relatively competitive 

This layering also implies asymmetries in bargaining power. Core providers can set pricing, rate 

limits, and access conditions, and can shape the evolution of capabilities through model updates. 
Application-layer firms, while numerous, are partially dependent on these upstream decisions, which 
affects margins, innovation paths, and switching costs. 

 

4.7 Vertical Integration and the Emergence of AI Ecosystems 

Recent developments suggest a trend toward vertical integration. Leading firms increasingly control 
multiple layers of the AI stack, including: 

• semiconductor design 
• cloud infrastructure 
• foundation models 

• application ecosystems 

For instance, companies such as Microsoft combine cloud infrastructure, strategic partnerships with 
model developers, and integration into software ecosystems. Similarly, Google integrates 
semiconductor design, cloud infrastructure, and AI research within a unified ecosystem. 



This integration allows firms to internalize complementarities across layers and to capture a larger 

share of value creation. At the same time, it reinforces entry barriers, as new entrants must either rely 
on incumbent infrastructures or replicate highly capital-intensive systems. 

Vertical integration also reduces transaction costs and coordination frictions across the stack (e.g., 
co-design of hardware and models, optimized deployment pipelines), generating performance and 
cost advantages that are difficult for disintegrated entrants to match. 

 

4.8 Endogenous Concentration: A Structural Outcome 

Taken together, scaling dynamics, recursive cumulativeness, vertical integration, and financial 
reinforcement produce endogenous concentration. 

Concentration here does not arise from accidental first-mover advantages alone. It is embedded in the 
technological trajectory itself. The dominant search heuristic privileges scale; scale privileges access 
to compute and capital; capital enables integration across layers; and integration stabilizes positions 
and rents over time. 

This logic addresses, at a structural level, the question of whether concentration in AI is transitional. 

Unless the underlying scaling relationships weaken, or institutional interventions significantly alter 
access to compute, data, and infrastructure, concentration is likely to persist rather than dissipate. 

However, concentration does not eliminate innovation. It reshapes its locus. Competitive dynamics 
remain active at the application layer, where entry barriers are lower and experimentation is more 
distributed, while foundational layers—compute infrastructure and frontier models—exhibit more 

durable oligopolistic structures. 

This configuration suggests that the key analytical challenge is not whether innovation continues, but 
where it occurs and under what structural constraints. The next step is therefore to examine how this 
concentrated regime mediates the translation of micro-level performance improvements into broader 
economic outcomes. 

In particular, it raises the question of whether the current trajectory generates widespread productivity 
gains, or whether it produces a configuration in which significant efficiency improvements coexist 
with limited diffusion across the wider economy. 

  



5. From Micro Performance to Systemic Effects 

5.1 The Nature of AI Performance Gains 

Recent advances in artificial intelligence have generated substantial improvements in task-level 
performance across a wide range of domains. Systems based on large language models and related 

architectures can perform complex cognitive tasks—such as text generation, coding, and decision 
support—often at levels comparable to, or exceeding, human benchmarks (Brown et al., 2020; 
OpenAI, 2023). 

However, the nature of these performance gains differs significantly from traditional notions of 
output. AI systems produce probabilistic, context-dependent responses rather than standardized, 

measurable units of production. Their outputs are not directly comparable to physical goods or even 
to conventional services, and their economic value depends critically on context, interpretation, and 
use. 

This creates a fundamental measurement problem. Improvements in model performance—captured, 
for instance, by benchmark scores or error rates—do not translate automatically into increases in 

economically meaningful output. As highlighted in recent empirical work, productivity effects of AI 
technologies are often highly task-specific and sensitive to implementation conditions (Brynjolfsson, 
Li, & Raymond, 2023; Noy & Zhang, 2023). 

In this sense, what improves is not output in a traditional physical sense, but the efficiency, flexibility, 
and scope with which specific tasks can be performed. The economic relevance of these 

improvements is therefore mediated by their integration into production processes. 

 

5.2 From Task Efficiency to Organizational Transformation 

The economic impact of AI depends less on isolated task performance than on its integration into 
organizational systems. Firms must adapt workflows, redefine task boundaries, and develop 

complementary capabilities in order to extract value from AI technologies. 

This requires a range of adjustments, including: 

• reconfiguration of production processes 
• investment in human capital and new skills 
• development of data infrastructures and governance mechanisms 

As a result, AI adoption is not a plug-and-play process. It involves a co-evolution between 
technological capabilities and organizational structures. Productivity gains emerge only when this 
alignment is achieved. 

This argument is consistent with a broader body of literature on general-purpose technologies, which 
emphasizes the role of complementarities and organizational change in shaping economic impact 

(Bresnahan & Trajtenberg, 1995; Brynjolfsson & Hitt, 2000). Historical evidence from earlier waves 
of digitalization suggests that such transformations are both time-consuming and uneven across firms 
and sectors. 



Empirical studies of AI adoption confirm this pattern. Firms that are able to reorganize effectively 

around new technologies capture disproportionate gains, while others experience limited or delayed 
benefits (Brynjolfsson et al., 2023). The result is a widening gap between leading and lagging firms. 

 

5.3 Uneven Diffusion and Structural Constraints 

The diffusion of AI technologies is inherently uneven. It is shaped not only by cost considerations, 
but by structural constraints related to access, capabilities, and organizational readiness. 

Firms operating at the technological frontier—often those integrated into the infrastructure and model 
layers described in Section 4—are able to deploy AI more effectively and at larger scale. By contrast, 
firms at the periphery depend on external providers and face limitations in customization, integration, 

and value appropriation. 

This creates a dual structure: 

• rapid capability expansion at the frontier 
• slower, more constrained adoption in the broader economy 

Such asymmetries are not unusual in the diffusion of new technologies. However, in the case of AI 

they are amplified by the concentration of key inputs—compute, data, and models—within a 
relatively small number of actors. 

The diffusion process is therefore mediated by industrial structure. Access to AI capabilities is often 
indirect, occurring through APIs or platform-based services, which may limit the extent to which 
firms can fully internalize productivity gains. This dynamic is consistent with broader analyses of 

digital platform economies, where control over core infrastructures shapes the distribution of value 
(McAfee & Brynjolfsson, 2017). 

 

5.4 Limits to Systemic Propagation 

Even when AI systems generate significant efficiency gains at the task level, these gains do not 

necessarily propagate across the economic system. 

Several mechanisms limit this propagation: 

• Complementary bottlenecks: productivity gains in one task may be constrained by 
inefficiencies in upstream or downstream activities 

• Coordination frictions: adoption requires alignment across multiple units, firms, or sectors 

• Institutional constraints: regulatory frameworks, standards, and governance structures may 
lag behind technological capabilities 

Moreover, the concentration of key capabilities may further slow diffusion. When access to 
foundational models and infrastructure is mediated by a small number of providers, adoption may 
involve dependency relationships that affect both cost structures and incentives to innovate. 



From an analytical perspective, the translation from micro-level performance improvements to 

macroeconomic outcomes is therefore contingent and non-linear. It depends on the interaction 
between technological capabilities, organizational change, and institutional context. 

 

6. From Micro Performance to Systemic Constraints 

6.1 The Problem of Translation: From Task Performance to System-Level Effects 

The analysis developed in the previous sections highlights a central issue in the economics of artificial 
intelligence: improvements in task-level performance do not translate in a straightforward manner 
into system-level outcomes. 

This is not simply a matter of time lags or incomplete diffusion. Rather, it reflects a more fundamental 
problem concerning the nature of the underlying transformation. AI systems generate improvements 
in the execution of specific tasks, often under highly controlled conditions, but these improvements 
are embedded within complex organizational and technological systems. 

As a result, the relevant analytical question is not whether AI increases “productivity” in an aggregate 
sense, but how localized performance gains interact with existing structures of production, 
coordination, and control. 

From this perspective, the relationship between micro-level efficiency and broader economic 
outcomes is inherently indirect and mediated. 

 

6.2 The Limits of Output-Based Metrics 

A key difficulty in analyzing the economic impact of AI lies in the definition and measurement of 
output. 

In traditional industrial settings, output can be approximated through physical quantities or 
standardized services. In AI-based systems, however, outputs are probabilistic, context-dependent, 

and often non-reproducible in a strict sense. 

Large language models, for instance, do not produce homogeneous units of output, but generate 
context-sensitive responses whose value depends on interpretation, integration, and use. 

This raises a fundamental issue: what is being measured when indicators such as revenue per 
employee or task completion rates are used? 

To a significant extent, these measures capture the monetization of access to proprietary models and 
infrastructures rather than the production of clearly defined outputs. In this sense, they may be closer 
to indicators of rent extraction and pricing power than to measures of “productivity” in a classical 
sense. 

This observation calls into question the applicability of standard productivity frameworks, 

particularly those grounded in aggregate production functions and smooth substitutability among 
inputs. 



 

6.3 Organizational Mediation and Structural Frictions 

Even when task-level improvements are substantial, their translation into effective performance at 
the organizational level is contingent on a range of factors. 

Firms must integrate AI systems into existing workflows, redesign processes, and develop 

complementary capabilities. These adjustments are often complex, costly, and uneven across 
organizations. 

Several types of frictions emerge: 

• organizational frictions, related to coordination, routines, and internal structures 
• capability constraints, linked to skills, data management, and system integration 

• process misalignments, where AI outputs do not fit existing decision frameworks 

As a result, performance gains remain localized unless broader organizational transformations take 
place.  

From an evolutionary perspective, this reflects the fact that firms differ in their routines, learning 
processes, and absorptive capacities. The adoption of AI is therefore not uniform, and outcomes vary 

significantly across firms. 

 

6.4 Structural Asymmetries and Infrastructural Dependence 

The translation of AI capabilities into economic outcomes is further shaped by the industrial structure 

described in Section 4. 

Access to key inputs—compute, data, and models—is highly uneven. A small number of actors 
control the infrastructures required for frontier innovation, while a larger set of firms depends on 
these infrastructures for access to capabilities. 

This creates structural asymmetries: 

• upstream firms control pricing, access, and technological evolution 

• downstream firms operate under conditions of dependency 

In such a configuration, improvements in performance do not necessarily lead to proportional gains 
for all actors. Instead, value capture is mediated by position within the technological stack. 

This reinforces the idea that system-level outcomes cannot be understood independently of industrial 
organization. 

 

 



6.5 Diffusion as a Structured and Uneven Process 

The diffusion of AI technologies is not a simple process of gradual adoption across the economy. It 
is shaped by structural constraints and may remain uneven over extended periods. 

Several factors limit diffusion: 

• high costs of integration and transformation 

• dependence on external infrastructures 
• heterogeneity in firm capabilities 
• sector-specific constraints 

As a result, AI capabilities may remain concentrated within a subset of firms and sectors, even as 
they become technically available more broadly. 

This pattern is consistent with evolutionary theories of technological diffusion, where adoption 
depends on firm-level capabilities and cumulative learning processes rather than on simple cost 
considerations. 

 

6.6 Reframing the Question 

Taken together, these observations suggest that the key analytical issue is not whether AI generates 
productivity gains in an aggregate sense, but how its structural properties shape the distribution and 
realization of those gains. 

Rather than focusing on aggregate indicators, the analysis should emphasize: 

• the nature of the outputs generated by AI systems 
• the organizational conditions required for their effective use 
• the industrial structures that mediate value capture 

In this perspective, artificial intelligence does not fit easily within traditional frameworks of economic 
measurement and analysis. Its impact is real, but structurally mediated, uneven, and dependent on the 
interaction between technological trajectories and institutional configurations. 

  



 

7. Hyper productivity, AI Leaders, and the Re-Stratification of Digital Oligopoly  

One of the most visible macro-indicators of the digital economy’s transformation over the past decade 
has been the extraordinary level of revenue per employee among leading technology firms. Ratios 
exceeding one million US dollars per worker have become common among large digital platforms, 
and in some cases substantially higher. While often cited descriptively, this metric acquires analytical 
significance when interpreted within the structural dynamics of the AI regime. 

In this context, it is important to clarify that such indicators do not capture “productivity” in a classical 
sense. Rather, they reflect monetary measures of value appropriation, which are strongly influenced 
by pricing power, control over proprietary knowledge, and the ability to monetize access to 
computational infrastructures. 

7.1 Revenue per Employee as Regime Indicator 

Revenue per employee (RPE) reflects the degree to which value creation is decoupled from 
proportional expansion of internal labor. In traditional manufacturing sectors, revenue growth is 
typically accompanied by substantial increases in employment. In contrast, platform-based firms can 
scale revenues through infrastructure-mediated interactions without linear growth in payroll. 

However, this metric should be interpreted with caution. In the context of AI, RPE does not measure 

physical or even clearly defined service output. Instead, it largely reflects the monetization of access 
to proprietary models and infrastructures. As such, high RPE levels may indicate not only efficiency 
gains, but also the presence of significant rents associated with control over key technological assets. 

In recent fiscal years, several major technology corporations have exhibited RPE ratios around or 
above the one-million-dollar threshold. For instance, Microsoft and Alphabet have reported revenues 
on the order of hundreds of billions of dollars with workforces in the range of 150,000–200,000 

employees, implying RPE levels well above one million dollars per employee. NVIDIA, following 
the surge in demand for AI accelerators, has exhibited even higher RPE levels due to rapid revenue 
expansion combined with comparatively smaller workforce growth. By contrast, firms with 
significant logistics operations, such as Amazon, display lower average RPE because labor-intensive 
segments dilute the aggregate figure. 

These magnitudes matter because they reflect structural characteristics of the regime: capital 
deepening, automation of internal processes, and the monetization of external user interaction. 

7.2 From Web Giants to AI Infrastructure Leaders 

The AI phase has not eliminated the dominant web platforms; rather, it has re-ranked them. 

Fihure 4 – AI Leaders and Hyperproductivity Indicators (FY recent) 

Firm Revenue (approx.) Employees Revenue per Employee Strategic Position 

Microsoft ~$210B ~220k ~$1M+ Cloud + AI integration 

Alphabet ~$300B ~190k ~$1.5M Search + AI + Cloud 

NVIDIA ~$60B+ ~30k ~$2M+ Accelerator bottleneck 



Firm Revenue (approx.) Employees Revenue per Employee Strategic Position 

Amazon ~$500B+ ~1.5M Lower avg (logistics heavy) Cloud leader (AWS) 

Meta ~$130B ~65k ~$2M Platform + AI 

To illustrate this re-ranking structurally, it is instructive to compare the composition of the world’s 
largest firms by market capitalization across three benchmark years. 

In the mid-1990s, the top global market-cap firms were predominantly concentrated in energy, 

finance, and industrial conglomerates. Technology firms were present but not dominant, and AI-
intensive infrastructure firms were absent. 

By the mid-2000s, digital firms such as Microsoft had entered the upper tier, yet oil majors and 
financial institutions still dominated global capitalization rankings. 

By the mid-2010s, the composition had shifted decisively: Apple, Alphabet, Microsoft, and Amazon 

were firmly positioned among the global top five. The platform era had matured, with valuation 
increasingly tied to data, software ecosystems, and network effects. 

By 2025, however, the ranking reflects a further structural shift. Firms positioned at the AI compute 
and cloud stack—NVIDIA, Microsoft, Alphabet, Amazon, Meta, and semiconductor leaders such as 
TSMC and Broadcom—constitute the core of global market capitalization leadership. Hardware 

accelerators and cloud infrastructures have moved from complementary inputs to central value-
capture nodes. The evolution of AI-driven business models also reflects broader transformations in 
platform-based organizations and their capacity to internalize and monetize technological capabilities 
(Fanti, Guarascio, & Moggi, 2022). 

The historical comparison suggests not simple digital dominance, but progressive concentration 

around infrastructural layers. The locus of value creation has migrated from user-facing platforms to 
compute-intensive backbone assets. 

Figure 5 — Top Companies by Market Capitalization (selected years) 

Anno Top Companies (selected) AI-intensive (Y/N) 

2005 
General Electric, ExxonMobil, Microsoft, Citigroup, BP, 
Walmart, Royal Dutch Shell 

Microsoft = Y 

2015 Apple, Alphabet, Microsoft, Amazon, Facebook/Meta* 
Apple, Alphabet, Microsoft, 
Amazon, Meta = Y 

2025 NVIDIA, Apple, Microsoft, Alphabet, Amazon 
NVIDIA, Apple, Microsoft, 
Alphabet, Amazon = Y 

This comparison shows the structural migration of global corporate dominance toward AI-intensive 

infrastructures over the past two decades. Whereas 2005 was dominated by traditional capital-
intensive sectors, by 2015 platform and data-centric firms occupied the top positions. In 2025, firms 
controlling compute, cloud, and AI models capture disproportionate valuation, highlighting regime 
concentration through capital deepening and infrastructural bottlenecks. 



  

 

7.3 Hyperproductivity and Capital Deepening 

Hyperproductivity in the AI regime derives from three reinforcing mechanisms. 

In this sense, “hyperproductivity” should not be interpreted as a direct increase in measurable output 
per unit of labor, but rather as a monetary phenomenon reflecting the capacity to scale revenues 

through capital-intensive infrastructures. The concept is therefore closer to a measure of revenue 
concentration and rent extraction than to a classical notion of productivity. 

First, internal automation compresses labor input in knowledge-intensive functions. AI-assisted 
coding, documentation, data analysis, and customer interaction reduce marginal labor requirements 
per unit of output. 

Second, capital deepening allows output expansion through compute-intensive scaling rather than 
workforce expansion. Once large models are trained, inference can be delivered to millions of users 
with limited additional labor input. 

Third, user interaction generates valuable data that feeds back into model improvement. This 
recursive mechanism transforms market adoption into technological advantage, reinforcing 

concentration. 

The combination of these mechanisms produces a structural decoupling between revenue growth and 
employment growth. Firms at infrastructural chokepoints can expand revenues rapidly while 
maintaining relatively stable headcounts. 

7.4 Rightsizing within the Oligopoly 

The AI regime has therefore produced a process better described as “rightsizing” than as 
displacement. Digital corporations are re-ranked according to their control over foundational assets. 

Those controlling accelerators and cloud infrastructures occupy structurally privileged positions. 
Firms primarily dependent on advertising or platform mediation must integrate AI capabilities to 
preserve competitiveness. Yet their dependence on upstream compute providers constrains autonomy. 



This rightsizing reflects the internal logic of the regime. As scaling becomes central, capital intensity 

and compute access determine strategic position. The locus of power shifts toward those controlling 
scarce computational resources and vertically integrated stacks. 

High revenue per employee (RPE) in AI-intensive firms is not merely a descriptive statistic; it reflects 
the structural shift toward capital deepening where compute and data infrastructure serve as primary 
productive inputs. This capital intensity underpins market capitalization leadership and reflects a 

regime where technological scalability, not labor augmentation, drives surplus capture. The historical 
market cap transition from energy/industrial firms to compute/cloud/AI leaders reinforce the 
argument that hyperproductivity and rent concentration are structural outcomes of the AI regime. 

7.5 Hyperproductivity at the firm level 

Hyper productivity at the firm level does not automatically translate into aggregate productivity 
acceleration. When high RPE firms capture rents through infrastructural control, the surplus 
generated by AI adoption may be retained rather than diffused. 

Downstream firms adopting AI tools may experience efficiency gains but remain dependent on 
upstream pricing structures. The net macroeconomic effect depends on whether cost reductions are 

passed through to consumers and workers or absorbed by infrastructural providers. 

Thus, the re-stratification of AI leaders and the emergence of hyper productivity are consistent with 
the broader productivity paradox under concentration. Efficiency increases coexist with rent 
concentration and uneven diffusion. 

Taken together, these observations suggest that hyperproductivity in the AI regime is best understood 

not as a pure efficiency metric, but as an indicator of how value is captured and distributed within a 
structurally concentrated technological system. 

8. Conclusion: Artificial Intelligence as a Concentrated Technological Regime 

This paper has analyzed the contemporary development of artificial intelligence as a concentrated 
technological regime characterized by scaling dynamics, cumulative learning processes, and 
infrastructural control. Rather than treating AI as an exogenous technological shock with uniform 

effects across the economy, the analysis has emphasized its embeddedness within a specific 
configuration of technological trajectories, industrial structures, and institutional conditions. 

From this perspective, several conclusions emerge. 

First, industrial concentration in AI should not be interpreted as a temporary outcome of market 
imperfections or first-mover advantages. It is, instead, an endogenous feature of the trajectory itself. 

The dominant search heuristic—scaling through compute-intensive architectures—privileges capital 
deepening, access to data, and control over infrastructures. These characteristics generate increasing 
returns, reinforce cumulative advantages, and produce persistent asymmetries across firms. 

Second, the economic significance of AI cannot be adequately captured through conventional notions 
of productivity. Indicators such as revenue per employee reflect monetary measures of value 

appropriation rather than clearly defined increases in output. In a context where outputs are 
probabilistic, context-dependent, and mediated by proprietary systems, observed “hyperproductivity” 
is more appropriately interpreted as a function of pricing power, control over knowledge, and the 
ability to monetize access to computational infrastructures. 



Third, the translation of task-level performance improvements into broader economic outcomes is 

structurally mediated. AI systems generate localized gains in efficiency, but their effective use 
depends on organizational transformation, complementary capabilities, and position within the 
technological stack. As a result, system-level effects cannot be inferred directly from micro-level 
performance, and diffusion remains uneven and contingent. 

Fourth, the evolution of the AI regime has reshaped the hierarchy of leading firms, producing a 

process of re-stratification centered on control over foundational assets. The locus of value creation 
has progressively shifted from user-facing platforms to compute-intensive infrastructures, with 
hardware accelerators, cloud systems, and model architectures emerging as central nodes of value 
capture. 

Fifth, the contemporary AI trajectory is not immaterial. Its reliance on large-scale computational 

infrastructures entails significant environmental externalities, linking technological progress to 
energy consumption and resource intensity. These material constraints are not peripheral, but intrinsic 
to the current scaling paradigm, and further reinforce barriers to entry and concentration dynamics. 

Taken together, these elements suggest that artificial intelligence should be understood not simply as 
a transformative technology, but as a structurally organized regime in which innovation, competition, 

and value distribution are tightly interlinked. The interaction between scaling, cumulativeness, and 
infrastructural control shapes both the direction of technological change and its economic 
consequences. 

The contribution of this paper lies in bringing these dimensions into a unified analytical framework. 
By linking technological trajectories to industrial concentration and to the conditions of diffusion and 

value appropriation, the analysis moves beyond simplified accounts of technological impact and 
provides a more structurally grounded interpretation of the current AI wave. 

More broadly, the findings point to the need for analytical approaches that take seriously the co-
evolution of technology and economic structure. Artificial intelligence does not operate in an abstract 
space of production functions or aggregate efficiencies. It evolves within a historically specific 
regime, whose internal dynamics determine both its transformative potential and its distributional 

outcomes. 
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