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Abstract

This paper proposes a dynamic profit maximization model for a monopolistic provider of
AI infrastructure under conditions of market saturation and technological depreciation of
infrastructure. The model is formulated within an optimal control framework and links the
firm’s investment effort, the expansion of AI infrastructure in the relevant market, and dis-
counted profit within a single analytical structure. The objective function is specified as the
maximization of discounted profit subject to a dynamic constraint governing the expansion
of AI infrastructure. The paper analyzes three scenarios—a baseline scenario, a high-barrier
scenario, and a high-opportunity scenario—and complements the analytical results with
numerical simulation analysis. The results show that the optimal investment trajectory de-
pends on the effectiveness of investment effort, the cost intensity of investment, and the rate
of infrastructure depreciation. A more favorable environment supports earlier and more
intensive investment, whereas stronger barriers lead to a more cautious investment strategy
and slower expansion of AI infrastructure. The contribution of the paper lies in linking
dynamic optimization with the economic interpretation of investment in AI infrastructure
under concentrated market conditions. By generating time-dependent trajectories under
alternative parametric regimes, the model also operates as a structural, scenario-based
forecasting framework for the conditional projection of AI infrastructure expansion.

Keywords: AI infrastructure; optimal control; profit maximization; monopoly benchmark;
scenario analysis; conditional forecasting

1. Introduction
The development of artificial intelligence is increasingly tied not only to the availability

of algorithms and data, but also to the infrastructural capacities on which such solutions
can be built, operated, and further scaled. In this sense, AI infrastructure is becoming
an important prerequisite for technological development, the scaling of solutions, and
long-term competitiveness. Its importance is reflected not only at the level of firm decision
making, but also in public policy strategy documents. The document Vízia AI pre Slovensko
[Vision for AI in Slovakia] explicitly identifies infrastructure and data as key priorities
for the further development of artificial intelligence and emphasizes the need to build
computational and data capacities [1].

At the same time, investment in AI infrastructure cannot be understood as a simple
one-off decision. It is a process in which the firm faces high investment requirements,
technological dynamics, market uncertainty, and the need for the gradual expansion of
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infrastructural capacities. A publicly available text from the AI-ImpactSK project points out
that, in the Slovak context, significant barriers to AI adoption include high implementation
costs, infrastructural limitations, insufficient data availability, and a lack of qualified human
capital [2].

The available literature devotes considerable attention to technological, regulatory, and
governance aspects of artificial intelligence. Research on responsible AI governance focuses
mainly on principles, governance frameworks, and the operationalization of responsible
AI implementation in organizations [3]. Similarly, studies on AI governance and regulation
emphasize the need for a consistent regulatory environment and appropriate governance
arrangements for successful and responsible AI adoption [4]. By contrast, less attention has
been paid to formal dynamic modeling of investment decision making in the expansion of
AI infrastructure in the market.

While the optimal control framework for investment with convex adjustment costs
is well established [5–7], its application to AI infrastructure as a saturating state variable,
under joint depreciation and a monopoly benchmark, remains limited. The contribution
of this paper is threefold: (i) it adapts the dynamic profit maximization apparatus to
AI infrastructure expansion, characterized by high fixed costs, scale advantages, and
rapid depreciation of compute capital; (ii) it combines logistic-type market saturation,
depreciation, and a monopoly benchmark within a tractable optimal control structure; and
(iii) it uses the resulting time-dependent trajectories of the state, control, and shadow-value
variables as conditional, scenario-based projections of infrastructure expansion.

Although grounded in optimal control rather than reduced-form statistical time-series
methodology, the model generates explicit time-dependent trajectories under alternative
parametric regimes. It therefore belongs to the family of structural, scenario-based fore-
casting tools that complement empirical time-series approaches and provide conditional
projections of infrastructure expansion under alternative economic environments. This
positions the paper within the broader scope of time-dependent modeling and forecasting
addressed at the conference.

The aim of this paper is to propose a dynamic profit maximization model for a
monopolistic provider of AI infrastructure and to analyze how investment effectiveness,
investment cost intensity, and infrastructure depreciation affect the optimal investment
trajectory and market expansion of AI infrastructure. The paper applies optimal control
and formulates a model with a dynamic constraint governing AI infrastructure expansion
under fixed market saturation.

2. Theoretical Foundations and Conceptual Framework
In this paper, the monopoly benchmark is not used as a literal description of the

entire AI market, but as an analytical framework for a firm investing in specialized AI
infrastructure within a narrowly defined segment of the digital market. Such segments are
associated with high fixed investment costs, significant economies of scale, capital intensity,
and entry barriers that support market concentration. In the context of cloud computing,
Kushida et al. [8] point out that global cloud services are provided by only a small number
of multinational firms and that competing with them without meaningful differentiation is
extremely difficult given the cost pressure associated with large-scale provision. In a follow-
up study, the same authors emphasize that cloud computing is based on the massive sharing
of hardware infrastructure and on an architecture of abundant computing resources that
increases the importance of scale and capital-intensive infrastructure [9]. More specifically
for AI infrastructure, Zheng [10] argues that control over data and computational resources
increases entry barriers, supports vertical integration, and reinforces the dominant position
of established actors. For this reason, the monopoly benchmark in our model is understood
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as an analytical simplification suitable for examining the optimal trajectory of investment
effort, the expansion of AI infrastructure, and firm profit over time.

The expansion of AI infrastructure in the market may be understood as a process of
gradual adoption whose pace depends on investment effort, the existing level of expan-
sion, and the absorptive capacity of the environment. The empirical literature on digital
technologies shows that the adoption of cloud computing and related digital solutions is
conditioned by a combination of technological, organizational, and environmental factors
and does not occur as an instantaneous shift, but rather as a process of expansion over
time [11,12]. At the same time, this is a naturally bounded process. Research on the rela-
tionship between the adoption of new technologies and additions to network infrastructure
documents nonlinear stock effects, suggesting that as the existing level of infrastructure
increases, the dynamics of further expansion also change [13]. For modeling AI infrastruc-
ture, it is therefore appropriate to assume that investment effort supports its expansion,
but that this effect gradually weakens as the process approaches the limit of market satu-
ration. The dynamic nature of the analyzed problem is further reinforced by the fact that
infrastructural solutions are subject to depreciation, technological obsolescence, and the
need for continuous renewal. For this reason, it is appropriate to model the expansion of
AI infrastructure as a state variable whose development is, on the one hand, supported by
the firm’s investment effort, but, on the other hand, is dampened by market saturation and
infrastructure depreciation over time. This provides a natural theoretical bridge between
the economic interpretation of the problem and the optimal control framework used in the
following section.

3. A Dynamic Profit Maximization Model Under Monopoly Conditions
We consider a monopolistic firm providing specialized AI infrastructure in a narrowly

defined segment of the digital market. The objective of the firm is to determine a trajectory
of investment effort into AI infrastructure that maximizes its discounted profit over time.

The monopolistic firm maximizes total discounted profit over the time interval [0,T]
subject to a dynamic constraint on the expansion of AI infrastructure in the relevant market.
The objective function is formulated as the difference between the revenue effect of AI
infrastructure expansion and the costs of investment effort directed to AI infrastructure. A
similar type of objective function with a quadratic cost component is commonly used in
dynamic investment models with adjustment costs [5,7].

The objective function is therefore written as follows:

max
u(t)

J =
∫︂ T

0

[︂
px(t)− c

2
u2(t)

]︂
e−rt dt (1)

where x(t) denotes the extent of AI infrastructure expansion in the relevant market at time t,
u(t) represents the firm’s investment effort into AI infrastructure, parameter p > 0 captures
the contribution of the extent of AI infrastructure expansion to the firm’s revenues, c > 0
reflects the cost intensity of investment effort, r > 0 denotes the discount rate, and T is the
finite time horizon of the model. The chosen form of the objective function assumes that the
growth of AI infrastructure expansion in the market increases the firm’s revenue potential,
whereas investment effort is associated with increasing costs. The quadratic cost component
captures the convex nature of investment costs, which is commonly used in dynamic
investment models to represent adjustment costs [5,7]. In the context of AI infrastructure,
such a specification is also consistent with the high capital intensity and scale requirements
of cloud and computational infrastructures [8–10]. In the terminology of optimal control,
x(t) is the state variable describing the cumulative extent of AI infrastructure expansion,
while u(t) is the control variable representing the firm’s investment effort. The logistic-type
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saturation term (1− x(t)
K ) in Equation (2) follows the diffusion logic introduced by Bass [14],

adapted to the infrastructural context.
The dynamics of the model are based on the assumption that the expansion of AI

infrastructure in the relevant market is a gradual process supported by the firm’s investment
effort, but at the same time bounded by market saturation. For this reason, we consider the
following dynamic constraint of the model:

.
x(t) = αu(t)

(︃
1 − x(t)

K

)︃
− δx(t) (2)

where α > 0 expresses the effectiveness of investment effort in expanding AI infrastructure
in the market, K > 0 denotes the maximum level of market expansion, and δ > 0 captures
the rate of depreciation, obsolescence, or decline in the use of AI infrastructure over time.
The first term in Equation (2) expresses that the firm’s investment effort supports the
expansion of AI infrastructure in the market. This effect, however, decreases as the level of
x(t) rises, because as the process approaches the limit of market saturation, the room for
further expansion gradually diminishes. The second term captures the fact that, without
continuous renewal and additional investment, the relative importance of infrastructure
may decline, for example, due to technological obsolescence, customer attrition, or the
growth of competing alternatives outside the considered segment. The chosen dynamic
specification makes it possible to capture the basic logic of the analyzed problem without
introducing more complex diffusion mechanisms.

Hamiltonian and optimality conditions: For the solution of the optimal control prob-
lem, we formulate the current-value Hamiltonian as follows:

Hc(x, u, µ) = px(t)− c
2

u2(t) + µ(t)
[︃

αu(t)
(︃

1 − x(t)
K

)︃
− δx(t)

]︃
(3)

where µ(t) is the adjoint variable representing the shadow value of a change in the extent
of AI infrastructure expansion in the relevant market.

The first-order condition with respect to the control variable leads to the optimal
trajectory of investment effort:

u∗(t) =
αµ(t)

c

(︃
1 − x(t)

K

)︃
. (4)

where u*(t) denotes the optimal investment effort at time t.
This relationship implies that optimal investment effort increases with the shadow

value of further expansion of AI infrastructure and decreases as the market approaches its
saturation limit. Economically, this means that the firm has the strongest incentive to invest
when additional infrastructure expansion is still valuable and there remains sufficient room
in the market for further growth.

The state equation of the model is given by Equation (2), while the costate equation is
given by

.
µ(t) = (r + δ)µ(t) +

α

K
µ(t)u(t)− p. (5)

Under a finite time horizon and a free terminal state, the transversality condition is

µ(T) = 0. (6)

The transversality condition in Equation (6) has a clear economic interpretation. Since
µ(t) represents the shadow value of an additional unit of AI infrastructure expansion,
this condition implies that at the terminal time T, a marginal increase in infrastructure
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expansion no longer contributes to the firm’s discounted profit. As a consequence, the
optimal investment effort declines toward the end of the planning horizon. Given the
first-order condition in Equation (4), the model therefore implies a front-loaded investment
trajectory: the strongest incentive to invest arises in earlier phases, when the shadow
value of infrastructure expansion is still high and there remains sufficient time to generate
returns from accumulated infrastructure. This pattern is consistent with the general logic
of finite-horizon optimal control models without terminal salvage value [5].

4. Scenario Analysis of the Model
To illustrate the behavior of the model, we consider three scenarios that differ in the

values of parameters α, c, and δ, while parameter K remains fixed across all scenarios. Such
a setup makes it possible to analyze how the optimal trajectory of investment effort and
the dynamics of AI infrastructure expansion change under different levels of investment
effectiveness, investment cost intensity, and infrastructure depreciation.

Baseline scenario: The baseline scenario represents the reference setting of the model
in which the parameters take the values (α,c,δ) = (α0,c0,δ0). This scenario serves as a
benchmark for comparing alternative market and investment conditions.

High-barrier scenario: The high-barrier scenario is defined by the conditions α < α0,
c > c0, and δ > δ0. Such a setup captures a situation in which investment effort is translated
into the expansion of AI infrastructure less effectively, investment is more costly, and infras-
tructure depreciates more rapidly. From Equation (4), it follows that a decline in parameter
α and an increase in parameter c, other things being equal, reduce the optimal intensity
of investment effort. From Equation (2), it also follows that a higher value of parameter δ

weakens the dynamics of AI infrastructure expansion. The model therefore implies slower
growth of x(t) and a lower trajectory of optimal investment effort in this scenario.

High-opportunity scenario: The high-opportunity scenario is defined by the conditions
α > α0, c < c0, and δ < δ0. This scenario represents an environment in which investment
effort is translated into AI infrastructure expansion more effectively, investment is relatively
less costly, and infrastructure depreciates more slowly. From Equation (4), it follows that
an increase in parameter α and a decrease in parameter c raise the optimal intensity of
investment effort. From Equation (2), it also follows that a lower value of parameter δ

supports the growth of the extent of AI infrastructure expansion in the market. In this
scenario, the model therefore implies a higher trajectory of u*(t) and faster expansion of AI
infrastructure compared to the baseline scenario.

These stylized scenarios admit an empirically motivated reading. The high-
opportunity regime is consistent with the position of global hyperscalers such as Amazon
Web Services, Microsoft Azure, and Google Cloud, which combine high investment ef-
fectiveness with large-scale and comparatively long-lived backbone infrastructure [8–10].
The baseline regime corresponds more closely to specialized AI compute providers and
mid-sized cloud operators, which translate investment into capacity with moderate effec-
tiveness and face non-trivial cost intensity. The high-barrier regime captures regional or
national AI infrastructure providers operating in narrowly defined markets with limited
scale, higher unit costs, and faster effective obsolescence—a setting that is directly relevant
for emerging-market and small-country AI strategies, including the Slovak context out-
lined by the Ministry of Investment, Regional Development and Informatization of the
Slovak Republic [1] and Banda et al. [2].

5. Numerical Results and Simulation Analysis
To complement the analytical results, the model was solved numerically as a two-point

boundary value problem subject to the initial condition for the state variable and the termi-
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nal transversality condition for the costate variable. The numerical solution was obtained
using a collocation-based boundary value solver, which makes it possible to compute the
joint trajectories of the state and control variables under alternative parameter settings.

The numerical simulation serves two complementary purposes. First, it visualizes the
joint time paths of x(t), u*(t), µ(t), and the discounted profit flow, which cannot be obtained
in closed form because the costate Equation (5) contains the bilinear term

(︁
α
K µ(t)u(t)

)︁
.

Second, it allows quantitative comparison of scenarios that share the same qualitative
structure but differ in parameter magnitudes.

The parameter values reported in Table 1 are illustrative rather than empirically cal-
ibrated. The discount rate r = 0.05 is a standard reference value in dynamic investment
analysis. The depreciation rate δ in the range 0.05 to 0.15 deserves explicit comment:
Doms et al. [15] estimated annual economic depreciation rates of approximately 30 percent
for personal computers, while the European Commission’s Ecodesign preparatory study
reports an average economic lifetime of three to five years for servers used by primary
users [16]. The baseline value δ = 0.10 used here is therefore a conservative choice consis-
tent with longer-lived backbone server infrastructure, while δ = 0.15 in the high-barrier
scenario is closer to the lower end of the empirically observed range. The cost intensity
parameter c and the effectiveness parameter α are normalized so that the baseline trajectory
remains within an economically admissible range; the comparative-statics conclusions
below depend on the relative ordering of the parameters across scenarios rather than on
their specific numerical levels.

Table 1. Model parameters and scenario specification.

Parameter Baseline High-Barrier High-Opportunity Interpretation

Panel A: Common Parameters (fixed across scenarios)

Revenue contribution (p) 1.00 1.00 1.00 Revenue per unit
Discount rate (r) 0.05 0.05 0.05 Time value of money

Market saturation limit (K) 100 100 100 Max infrastructure
Planning horizon (T) 20 20 20 Duration (periods)

Initial infrastructure (x(0)) 5.0 5.0 5.0 Starting level

Panel B: Scenario-Specific Parameters

Investment effectiveness (α) 1.0 0.6 1.5 Effort → expansion
Cost intensity (c) 2.0 3.0 1.2 Adjustment cost coeff.

Depreciation rate (δ) 0.10 0.15 0.05 Obsolescence rate

The baseline scenario serves as the reference case, while the high-barrier and high-
opportunity scenarios are defined by lower or higher investment effectiveness, different
cost intensities of investment, and different rates of infrastructure depreciation. In all
scenarios, the market saturation parameter remains fixed.

The baseline scenario produces a moderate expansion path of AI infrastructure and
an intermediate level of discounted profit. By contrast, the high-barrier scenario yields
substantially weaker performance, with lower optimal investment effort, slower infras-
tructure expansion, and lower discounted profit. The high-opportunity scenario produces
the strongest outcome, with the highest discounted profit and the largest terminal extent
of AI infrastructure expansion. The main numerical results for the three scenarios are
summarized in Table 2.

These differences are clearly visible in Figure 1, which plots the trajectories of the
state variable x(t) and the optimal control u*(t) across the three scenarios. In the baseline
scenario, investment effort is initially positive and gradually decreases as the market
approaches saturation. In the high-barrier scenario, the trajectory of investment remains
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lower throughout the horizon, and the expansion of AI infrastructure is markedly slower.
In the high-opportunity scenario, investment effort is strongest in the early phase, leading
to the fastest expansion path and the highest level of market penetration at the end of the
time horizon.

Table 2. Numerical results of the scenario analysis.

Variable Symbol Baseline High-Barrier High-Opportunity Note

Investment effort at t = 0 u*(0) 2.65 0.91 6.55 Initial
Investment effort at t = T u*(T) ≈0 ≈0 ≈0 Transv.

Infrastructure at t = T x(T) 11.68 2.17 40.24 Terminal
Peak infrastructure max x(t) 15.19 5.00 45.12 max[0; T]

Shadow value at t = 0 µ(0) 5.52 4.82 5.75 Initial µ
Total discounted profit J 98.65 36.99 291.86 Total J

Figure 1. Trajectories of the state variable x(t) and the optimal control u*(t) under the baseline,
high-barrier, and high-opportunity scenarios.

The numerical results therefore confirm the analytical implications of the model.
Higher investment effectiveness and lower cost intensity support stronger early investment
and faster infrastructure expansion, whereas lower effectiveness, higher costs, and faster
depreciation lead to more cautious investment behavior and weaker market expansion.

The qualitative pattern of the optimal solution is not driven by the specific terminal
date. Solving the baseline scenario numerically with T = 40 yields a higher terminal level
x(t) ≈ 12.56 (versus 11.68 at T = 20) and a higher peak level max x(t) ≈ 18.25 (versus
15.19), while preserving the front-loaded shape of u*(t) [u*(0) ≈ 2.71 versus 2.65] and the
terminal decline implied by the transversality condition. Shortening the horizon to T = 10
compresses the same pattern into a lower-amplitude profile [u*(0) ≈ 2.30, x(T) ≈ 8.93].
The economic logic—investment intensity guided by the shadow value of expansion and
dampened by saturation and depreciation—is therefore robust to the planning horizon.
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Comparative-statics analysis of the steady state of the model confirms the qualitative
ordering of the scenarios at the parameter level as well. Holding the remaining parameters
at their baseline values, the steady-state level x* is monotonically increasing in the effec-
tiveness parameter α (e.g., x* rises from about 6.9 at α = 0.5 to about 37.4 at α = 2.0) and
monotonically decreasing in both the depreciation rate δ (from about 54.6 at δ = 0.02 to
about 7.9 at δ = 0.20) and the cost intensity c (from about 27.7 at c= 1.0 to about 11.9 at c = 4.0).
The scenario ranking obtained from the finite-horizon BVP solution therefore reflects a
stable structural ordering rather than an artifact of the specific numerical levels chosen.

6. Discussion
The numerical analysis reinforces the central implication of the model: investment in

AI infrastructure should be understood as a dynamic decision problem rather than a one-off
strategic choice. From Equation (4), it follows that optimal investment effort increases with
the effectiveness of investment effort and decreases with the cost intensity of investment.
At the same time, it declines as the market approaches its saturation limit, because the room
for further expansion of AI infrastructure diminishes. From Equation (2), it also follows
that a higher value of parameter δ slows down the expansion of AI infrastructure even
when the firm invests. Under the natural assumptions of the model, optimal investment
effort remains non-negative and the extent of AI infrastructure expansion remains within
an economically admissible interval.

The comparison of scenarios shows that the high-barrier scenario leads to a lower
optimal trajectory of investment effort, slower growth in the extent of AI infrastructure
expansion, and lower discounted profit. By contrast, the high-opportunity scenario implies
higher investment intensity, faster expansion of AI infrastructure, and higher discounted
profit. The model thus shows that the optimal investment strategy depends on the combi-
nation of the effectiveness of investment effort, the cost intensity of investment, and the
rate of infrastructure depreciation.

The broader contribution of the model lies in providing an analytical framework
that connects the economic interpretation of AI infrastructure investment with a formal
dynamic optimization structure. Since the model generates time-dependent trajectories
of investment effort and AI infrastructure expansion under alternative parameter settings,
it can also serve as a basis for planning and conditional projections of AI infrastructure
development. In this sense, the paper adds a microeconomic perspective to a field that is
often discussed primarily in technological, regulatory, or strategic terms.

The monopoly benchmark adopted in this paper is a deliberate analytical simplifica-
tion. The global market for AI infrastructure is more accurately described as a concentrated
oligopoly dominated by a small number of hyperscalers [10]. The framework is therefore
most directly applicable to (i) regional or segment-specific providers operating in narrowly
defined niches with limited direct rivalry, and (ii) as an upper-bound benchmark against
which oligopolistic dynamics can be compared. An explicit dynamic oligopoly formulation,
in the spirit of differential games, is a natural next step.

The decline of optimal investment effort towards the terminal date is a mechanical
consequence of the transversality condition µ(T)= 0 in a finite-horizon problem without
terminal salvage value. Economically, it reflects a project-horizon interpretation under
which the firm has no incentive to leave additional infrastructure behind at T. In actual AI
infrastructure markets, investment is typically conducted under rolling horizons or with
an explicit continuation value attached to the installed base. The model can be naturally
extended to (i) an infinite-horizon stationary formulation in which u*(t) converges to a
steady state, or (ii) a finite horizon augmented with a salvage term φ(x(T)) capturing the
continuation value of installed infrastructure.
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The infinite-horizon stationary analog of the model provides a useful reference point.
Solving the stationarity conditions

.
x = 0 and

.
µ = 0 for the baseline parameterization

yields x* ≈ 18.95, µ* ≈ 5.77, and u* ≈ 2.34, with the corresponding values for the high-
barrier (x* ≈ 3.61) and high-opportunity (x* ≈ 52.99) regimes. The finite-horizon trajectories
computed in Section 5 are projections of this stationary structure onto a bounded planning
horizon: as T grows, the peak level of x(t) approaches x*, while u*(t) approaches the
stationary investment intensity over most of the interior of the horizon before declining to
zero at T because of the transversality condition.

From a managerial perspective, the model supports a front-loaded investment strategy
when investment effectiveness is high, cost intensity is low, and depreciation is moderate,
whereas a high-barrier parameter mix calls for a more cautious and smoother investment
profile. From a policy perspective, the comparative statics imply that interventions reduc-
ing the effective cost intensity c (e.g., investment incentives, accelerated depreciation, joint
infrastructure programs) or improving the translation of effort into capacity α (e.g., in-
terconnection standards, shared compute platforms) have a stronger leverage effect on
infrastructure expansion than direct support to the state variable. This is directly relevant
for the operationalization of national strategies such as Vízia AI pre Slovensko [1].

7. Conclusions
This paper proposes a dynamic profit maximization model for a monopolistic provider

of AI infrastructure under conditions of market saturation and technological depreciation of
infrastructure. The proposed framework links the firm’s investment effort, the expansion of
AI infrastructure in the relevant market, and discounted profit into one consistent optimal
control problem.

The contribution of the paper lies in interpreting investment in AI infrastructure as
a dynamic process whose optimal trajectory depends on the effectiveness of investment
effort, the cost intensity of investment, and the rate of infrastructure depreciation. The
scenario analysis further shows that a more favorable environment supports earlier and
more intensive investment, whereas stronger barriers lead to a more cautious investment
trajectory and slower expansion of AI infrastructure.

A limitation of the paper is that the model remains at the level of analytical and
scenario-based specification and has not yet been calibrated using data from a specific
market segment. Future research may therefore focus on sector-specific parameterization,
numerical extensions, and empirical validation of the model in selected AI infrastruc-
ture markets.

Empirical operationalization could proceed along several lines: the effectiveness
parameter α may be identified from firm-level investment-to-capacity elasticities; the cost
intensity c from accounting CapEx adjustment costs [6,7]; the depreciation rate δ from
industry depreciation schedules for server and ICT capital [15,16]; and the saturation
level K from sector-specific compute-capacity outlooks. A natural further step is the
extension to dynamic oligopoly competition that captures strategic interaction among large
infrastructure providers.
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