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Abstract  

 

We construct and study a continuous evolutionary model describing the conflict interaction between  automation and 

the labor market in strategic IT sectors. The system dynamics are based on the Lotka -Volterra framework, enhanced 

by Markov switching and Levy-type stochastic jumps. This allows for describing the impact of rare but critical events 

that abruptly change employment levels. By applying phase merging methods, we derive a reduced model that preserves 

key asymptotic behavior. The approach serves as a tool for analyzing market resilience and strategic risks under global 

uncertainty. 
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1. Introduction 

 
The rapid evolution of artificial intelligence (AI) and generative models has initiated a profound transformation of 

the global labor market, positioning AI as a defining general-purpose technology of the 21st century [5, 10]. Unlike previous 
waves of automation that primarily targeted routine manual and cognitive tasks [8, 9], modern AI systems demonstrate an 
unprecedented capacity to augment or automate high-level cognitive functions across strategic sectors [1, 4, 7]. From the 
perspective of national and economic security, the stability of the labor market in critical infrastructure and the IT sector is 
no longer just an economic metric but a vital component of a state's resilience against technological shocks and hybrid threats 
[17]. 

Recent empirical evidence suggests that the impact of AI is highly heterogeneous. While software development has 
seen significant productivity gains – exemplified by tools like GitHub Copilot [3] – the broader macroeconomic effects 
remain complex and often elude detection at the initial stages of implementation [6]. Traditionally, the interaction between 
technology and labor has been modeled as a «race» [2, 9]; however, the stochastic nature of AI breakthroughs and the non-
linear innovation diffusion rates [11], necessitate more sophisticated mathematical frameworks. In contemporary geopolitical 
situations, the ability to predict and mitigate «innovation shocks» is essential for maintaining strategic advantage and social 
stability [17]. 

A common strategy used to study such interactions is the application of predator-prey frameworks, rooted in the 
classical works of Volterra [12]. Nevertheless, deterministic models often fail to account for sudden regime shifts or critical 
«black swan» events (Lévy-type shocks). To address this, recent theoretical developments have emphasized the importance 
of Markov switching [24, 25] and random perturbations [23] in representing the volatility of complex systems [15, 20-23]. 

The analytical investigation of such high-dimensional stochastic systems is frequently complicated by significant 
computational and structural complexity. To overcome this, we employ the method of phase merging of the system's space 
[13, 14, 32]. Based on the theory of stochastic systems in merging phase spaces and the application of limit theorems for 
switching processes [18, 19], we utilize the formalism of redundant-invertible operators to handle singular perturbations. 
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This approach, further extended to double merging, averaging principles, and diffusion approximation conditions [27-33], 
allows for the derivation of reduced asymptotic models [15, 16]. Such models preserve the essential qualitative behavior of 
the labor market while significantly simplifying computational complexity. 

The main contribution of this work is the construction of a continuous evolutionary model that integrates Markov 
switching and Lévy-type stochastic jumps to describe the impact of critical AI milestones on employment levels in strategic 
sectors. By employing phase aggregation, we provide a robust mathematical tool for analyzing market resilience and strategic 
risks. This is particularly relevant for ensuring national security in an era where technological dominance and labor market 
stability are inextricably linked. 
 
2. The «classical» labour market model 
 

We consider a well-known “toy” predator–prey type model that describes the dynamic interaction between human 
employment and the implementation of automated systems [13]: 

{

𝑑𝑁(𝑡)

𝑑𝑡
= 𝑎𝑁(𝑡) − 𝑏𝑁(𝑡)𝐴(𝑡) − 𝑐𝑁2(𝑡)

𝑑𝐴(𝑡)

𝑑𝑡
= −𝑑𝐴(𝑡) + 𝑒𝑁(𝑡)𝐴(𝑡),   𝑡 > 0

,   (1) 

where 

𝑁(𝑡) – the number of employees in the IT sector at time 𝑡 (i.e., individuals currently working in the industry); 

𝐴(𝑡) – the level of automation at time 𝑡 (the extent to which AI and automated technologies are implemented in IT). 
To ensure dimensional consistency, 𝐴(𝑡) is interpreted as the equivalent number of IT specialists at time 𝑡 that would be required 
to perform the same work without automation.; 

𝑎 – the natural growth coefficient of IT employment, indicating rising demand for specialists; 

𝑏 – the negative impact of automation, where higher levels of automation reduce the need for IT specialists; 

𝑐𝑁2 – the effect of competition within the IT workforce: a larger number of specialists leads to stronger competition 
for jobs; 

𝑑𝐴 – the natural decline of automation caused by technological obsolescence and the need for maintenance and 
adaptation; 

𝑒𝑁 – represents the growth of automation driven by collaboration between IT professionals and technology through 
the development and implementation of AI. 

The proposed system represents a deterministic model describing the interaction between the number of IT employees 
and the level of automation in the industry. However, such a deterministic framework cannot fully capture the real behavior of 
the labor market under uncertainty, since it does not account for unexpected shocks or abrupt changes that may increase or 
decrease employment levels or automation intensity. Therefore, to better reflect the stochastic nature of technological and labor-
market dynamics, it is necessary to extend the model using aggregation techniques and stochastic perturbations. 

 

3. Merging of phase space under Levy approximation conditions 

 

We consider a stochastic evolutionary system operating in an ergodic Markov environment: 

𝑑𝑢𝜀(𝑡)  =  𝐶(𝑢𝜀(𝑡), 𝑥(𝑡/𝜀3))𝑑𝑡  +  𝑑𝜂𝜀(𝑡),  𝑢𝜀(𝑡)  ∈ ℝ,   (2) 

where𝑥𝜀(𝑡), 𝑡 ≥ 0 is a Markov process defined on a standard phase space (𝐸, ℰ) with a splitting: 

𝐸 = ⋃ 𝐸𝑘

𝑁

𝑘=1

, 𝐸𝑘 ∩  𝐸𝑗 = ∅, 𝑘 ≠ 𝑗, 

under a small parameter scaling 𝜀 → 0, 𝜀 > 0 and is defined by a singularly perturbed transition kernel: 

𝑸𝜀(𝑥, 𝐵, 𝑡) = 𝑃𝜀(𝑥, 𝐵)[1 − 𝑒𝑥𝑝 − 𝑞(𝑥)𝑡], 𝑥 ∈ 𝐸, 𝐵 ∈ 𝜀, 𝑡 ≥ 0. 

Let us consider the following assumptions: 

1. The kernel describing the transition probabilities of the embedded Markov chain 𝑥𝑛
𝜀 , 𝑛 ≥ 0 is defined as follows 

𝑃𝜀(𝑥, 𝐵) = 𝑃(𝑥, 𝐵) + 𝜀𝑃1(𝑥, 𝐵). 

The stochastic kernel 𝑃(𝑥, 𝐵) on the split phase space is defined as 

𝑃(𝑥, 𝐸𝑘) = 1𝑘(𝑥) = {
1, 𝑥 ∈ 𝐸𝑘

0, 𝑥 ∉ 𝐸𝑘 .
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The stochastic kernel 𝑃(𝑥, 𝐵) defines the accompanying Markov chain 𝑥𝑛 , 𝑛 ≥ 0 on the classes 𝐸𝑘 , 1 ≤ 𝑘 ≤ 𝑁. 
Furthermore, the perturbation kernel 𝑃1(𝑥, 𝐵) satisfies the condition 𝑃1(𝑥, 𝐵) = 0, which is a direct consequence of the equality 

𝑃𝜀(𝑥, 𝐸) = 𝑃(𝑥, 𝐸𝑘) = 1. 

2. Associated Markov process 𝑥0(𝑡), 𝑡 ≥ 0, is defined by the operator 

𝑄𝜑(𝑥) = 𝑞(𝑥) ∫ 𝑃(𝑥, 𝑑𝑦)[𝜑(𝑦) − 𝜑(𝑥)]

𝐸

, 

is uniformly ergodic within each of the classes 𝐸𝑘 , 1 ≤ 𝑘 ≤ 𝑁, with the stationary distribution 𝜋𝑘(𝑑𝑥), 1 ≤ 𝑘 ≤ 𝑁 

satisfied the relation: 

𝜋𝑘(𝑑𝑥)𝑞(𝑥) = 𝑞𝑘𝜌𝑘(𝑑𝑥), 𝑞𝑘 ∶= ∫ 𝜋𝑘

𝐸𝑘

(𝑑𝑥)𝑞(𝑥). 

3. Average probability of exit 

𝑝𝑘̂ ∶= ∫ 𝜌𝑘

𝐸𝑘

𝑃1(𝑥, 𝐸/𝐸𝑘) > 0, 1 ≤ 𝑘 ≤ 𝑁. 

Thus, the perturbation kernel 𝑃1(𝑥, 𝐵) determines the transition probabilities between the classes 𝐸𝑘 , 1 ≤ 𝑘 ≤ 𝑁, 

therefore, the equality 

𝑃𝜀(𝑥, 𝐵) = 𝑃(𝑥, 𝐵) + 𝜀𝑃1(𝑥, 𝐵) 

implies that the embedded Markov chain 𝑥𝑛
𝜀 , 𝑛 ≥ 0 spends a long time within each class 𝐸𝑘 and undergoes transitions 

between classes with small probabilities 𝜀𝑃1(𝑥, 𝐸/𝐸𝑘). 

 Under conditions ME1–ME3, the weak convergence of random processes holds [5]: 

𝜈(𝑥  𝜀(𝑡))  ⇒  𝑥̂(𝑡) , 𝜀 → 0, 

where the phase space merging function is defined as 𝜈(𝑥) = 𝑘 ∈ 𝐸̂ = 1, … , 𝑁, 𝑥 ∈ 𝐸𝑘 , 1 ≤ 𝑘 ≤ 𝑁. 

The limit Markov process 𝑥̂(𝑡), 𝑡 ≥ 0, defined on the merged phase space 𝐸̂ = {1, … , 𝑁} is given by the generator 

matrix: 

𝑄̂1 = (𝑞̂𝑘𝑟 , 1 ≤ 𝑘, 𝑟 ≤ 𝑁), 

whose entries are given by the following relations: 

𝑞̂𝑘𝑟 = 𝑞̂𝑘𝑝̂𝑘𝑟 , 𝑘 ≠ 𝑟, 𝑞̂𝑘 = 𝑞𝑘𝑝̂𝑘, 1 ≤ 𝑘 ≤ 𝑁, 

here, the parameters of the merged system are determined via the characteristics of the initial process as follows: 

𝑝̂𝑘𝑟 =
𝑝𝑘𝑟

𝑝̂𝑘

, 𝑝𝑘𝑟 = ∫ ρ𝑘(𝑑𝑥)𝑃1(𝑥, 𝐸𝑟)
𝐸𝑘

, 1 ≤ 𝑘, 𝑟 ≤ 𝑁, 𝑘 ≠ 𝑟, 

𝑝̂𝑘 = − ∫ ρ𝑘(𝑑𝑥)𝑃1(𝑥, 𝐸𝑘)
𝐸𝑘

. 

where ρ𝑘(𝑑𝑥) – is the stationary distribution of the embedded Markov chain within the class 𝐸𝑘; 𝑃1(𝑥, 𝐸𝑟) – the 

transition probabilities from a state 𝑥  of class 𝐸𝑘 to class 𝐸𝑟 . 

4. The merged Markov process 𝑥̂(𝑡), 𝑡 ≥ 0 is an ergodic process with the stationary distribution 𝜋̂ = (𝜋𝑘 , 𝑘 ∈ 𝐸̂).  

Thus, the operator 𝑸𝜀 can be represented as a perturbed operator: 

𝑸𝜀 = 𝑸 + 𝜺𝑸𝟏, 𝑸𝟏(𝒙) = 𝒒(𝒙) ∫ 𝑃1(𝑥, 𝑑𝑦)

𝑬

𝜑(𝒚), 

where 𝑸𝜀 = 𝑸 + 𝜺𝑸𝟏 

𝑸(𝒙) = 𝒒(𝒙) ∫ 𝑃(𝑥, 𝑑𝑦)

𝑬

[𝜑(𝒚) − 𝜑(𝒙)], 𝑸𝟏(𝒙) = 𝒒𝟏(𝒙) ∫ 𝑃1(𝑥, 𝑑𝑦)

𝑬

𝜑(𝒚). 

Let Π be the projector to zero-subspace of a reducible-invertible operator 𝑸. Its effect on the test functions is defined 

as follows: 

𝚷𝜑(𝑥) = ∑ 𝜑̂𝑘1𝑘(𝑥), 𝜑̂𝑘 ∶= ∫ 𝜋𝑘(𝑑𝑥)𝜑(𝑑𝑥)
𝐸𝑘

𝑁

𝑘=1

. 
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Reducible operator 𝑄̂1 can be determined by relation 𝑄̂1Π = Π𝑄1Π. 

Let Π̂ be the projector to zero-subspace of a reducible-invertible operator 𝑄̂1: 

Π̂𝜑̂ ∶= 𝑞(𝑥) ∑ 𝜋̂𝑘𝜑̂𝑘

𝑘 ∈ 𝐸

. 

Potential matrix 𝑅̂0 = [𝑅̂𝑘𝑗
0 ; 1 ≤ 𝑘, 𝑙 ≤ 𝑁] can be determined by relation 

𝑄̂1𝑅̂0 = 𝑅̂0𝑄̂1 = Π̂ − 𝐸. 

In our study, the drift coefficient 𝐶 of the stochastic system (2) has a Lotka–Volterra-type structure (1): 

𝐶(𝑢𝜀(𝑡), 𝑥(𝑡/𝜀3)) = (
𝑎 − 𝑐𝑁       

𝑒𝐴
−𝑏𝑁
−𝑑

) × (
𝑁
𝐴

), 

where 𝑢𝜀(𝑡) = (𝑁(𝑡), 𝐴(𝑡)), The phase space is defined as 𝐸 = ℒ × 𝐴, where ℒ = 𝑙1, 𝑙2, 𝑙3, 𝑙4, 𝐴 =

{𝑎1, 𝑎2, 𝑎3, 𝑎4}.The elements of 𝑙𝑖 ∈ ℒ are interpreted as the qualification levels of employees, namely Trainee, Junior, Middle, 

and Senior; while 𝑎𝑖 ∈ 𝐴 – represent the automation modes: Manual, Human+Automation (human-centric), 

Automation+Human (automation-centric), and Fully Automated. Thus, the state of the environment is represented as 𝑥 =
(𝑙𝑖 , 𝑎𝑖) ∈ 𝐸. 

Since the transitions between automation modes occur faster than the transitions of employees between qualification 

levels, we split the phase space into the following classes: 

𝐸 = ⋃ 𝐸𝑘
4
𝑘=1 , 𝐸𝑘 ∩ 𝐸𝑗 = ∅, 𝑘 ≠ 𝑗, 

where 𝐸𝑘 = 𝑙𝑘 × 𝐴, 𝑘 = 1,2,3,4. Accordingly, the merged phase space is defined as 𝐸̂ = 1,2,3,4, where the index 𝑘 

corresponds to the class 𝐸𝑘. The fast generator matrix 𝑸 has the following form: 

𝑸 = (

−𝑔1 𝑔1 0 0

𝑟1 −(𝑟1 + 𝑔2) 𝑔2 0

0 𝑟2 −(𝑟2 + 𝑔3) 𝑔3

0 0 𝑟3 −𝑟3

) 

where 𝑔𝑖 – the automation intensity of a task (fast forward transition), 𝑟𝑖 – is the intensity of returning to manual labor 

(e.g., due to code errors or technological obsolescence). 

In turn, the slow generator matrix 𝑄1 has the following form: 

𝑄1 = (

−(𝜆1 + 𝜇1) 𝜆1 0 0

𝜇1 −(𝜇1 + 𝜆2 + 𝜇2) 𝜆2 0

0 𝜇2 −(𝜇2 + 𝜆3 + 𝜇3) 𝜆3

0 0 𝜇3 −𝜇3

) 

where 𝜆1, 𝜆2, 𝜆3 – the intensities of skill upgrading (promotion rates), 𝜇1, 𝜇2, 𝜇3 – represents the intensities of 

resignation or demotion (employee turnover). 

The full generator of the system 𝑄𝜀acts on a phase space 𝐸 of dimension 16 and possesses a block structure. The main 

diagonal blocks contain elements of the fast generator 𝑸 (automation), while the off-diagonal blocks are determined by the 

matrix 𝑄1 (qualification) multiplied by a small parameter 𝜀. 

The stationary distribution 𝜋 = (𝜋1, 𝜋2, 𝜋3, 𝜋4) of the fast operator is determined by a system of equations 𝜋𝑸 =  0, 

subject to the normalization condition ∑ 𝜋𝑖
4
𝑖=1 = 1. The system takes the following form: 

{

−𝑔1𝜋1 + 𝑟1𝜋2 = 0,

𝑔1𝜋1 − (𝑟1 + 𝑔2)𝜋2 + 𝑟2𝜋3 = 0

𝑔2𝜋2 − (𝑟2 + 𝑔3)𝜋3 + 𝑟3𝜋4 = 0,
𝑔3𝜋3 − 𝑟3𝜋4 = 0

 

From this, we obtain that π1 = [1 +
𝑔1

𝑟1
+

𝑔1𝑔2

𝑟1𝑟2
+

𝑔1𝑔2𝑔3

𝑟1𝑟2𝑟3
]

−1

, and accordingly, we then determine π2 =
𝑔1

𝑟1
π1, π3 =

𝑔1𝑔2

𝑟1𝑟2
π1, π4 =

𝑔1𝑔2𝑔3

𝑟1𝑟2𝑟3
π1. 

The aggregated operator 𝑄̂ which describes the evolution of the merged process 𝑥̂(𝑡) in the qualification phase space 

𝐸̂ = {𝑇, 𝐽, 𝑀, 𝑆}, is determined by the following relation 𝑄̂1𝚷 = 𝚷𝑄1𝚷 and has the form: 

𝑄1̂ = (

−𝜆1 𝜆1 0 0

𝜇1 −(𝜆2 + 𝜇1) 𝜆2 0

0 𝜇2 −(𝜆3 + 𝜇2) 𝜆3

0 0 𝜇3 −𝜇3

) 

The Impulse Perturbation Process (IPP) 𝜂𝜀(𝑡), 𝑡 ≥ 0 [14-15], in the Lévy approximation scheme is given by the 
relation: 
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𝜂𝜀(𝑡) = ∫ 𝜂𝜀(𝑑𝑠, 𝑥𝜀(𝑠/𝜀3))
𝑡

0

(3) 

where 𝜂𝜀(𝑡, 𝑥), 𝑡 ≥ 0, 𝑥 ∈ 𝑋 is set of processes with independent increments is defined by the generators: 

 

𝜞𝜀(𝑥)𝜑(𝑤) = 𝜀−2 ∫ (𝜑(𝑤 + 𝑣) − 𝜑(𝑤))
𝑅

𝛤𝜀(𝑑𝑣, 𝑥), 𝑥 ∈ 𝑋 (4) 

 

and satisfy the conditions of the Lévy approximation 

L1: Approximation of averages 

∫ 𝑣𝛤𝜀(𝑑𝑣, 𝑥)
𝑅

= 𝜀𝑎1(𝑥) + 𝜀2(𝑎2(𝑥) + 𝜃𝑎(𝑥)), 𝜃𝑎(𝑥) → 0, 𝜀 → 0, 

and 

∫ 𝑣2𝛤𝜀(𝑑𝑣, 𝑥)
𝑅

= 𝜀2(𝑏(𝑥) + 𝜃𝑏(𝑥)), 𝜃𝑏(𝑥) → 0, 𝜀 → 0. 

L2: Condition on the distribution function 

∫ 𝑔(𝑣)𝛤𝜀(𝑑𝑣, 𝑥) = 𝜀2𝛤𝑔(𝑥) + 𝜃𝑔(𝑥)),

𝑅

𝜃𝑔(𝑥) → 0, 𝜀 → 0 

for each 𝑔(𝑣) ∈ 𝐶3(ℝ). Here, the measure 𝛤𝑔(𝑥) is bounded for all 𝑔(𝑣) ∈ 𝐶3(ℝ) and is determined by the relation: 

𝛤𝑔(𝑥) = ∫𝑔(𝑣)𝛤0(𝑑𝑣, 𝑥)
𝑅

, 𝑔(𝑣) ∈ 𝐶3(ℝ) 

where 𝐶3(ℝ) is a class of functions that define the measure and contains bounded real-valued functions such that as 
𝑔(𝑣)/|𝑣|2 → 0, 𝑣 → 0. 

L3: Uniform quadratic integrability 

𝑙𝑖𝑚
𝑐→∞|

𝑠𝑢𝑝
𝑥∈𝑋

∫ 𝑣2𝛤0(𝑑𝑣, 𝑥)
∫

| 𝑣 |>𝑐

 

Let us denote: 

𝛤1(𝑥)𝜑(𝑤) = 𝑎(𝑥)𝜑′(𝑤) 

Assume that the balance condition holds: 

𝛱̂𝛤1̂ = 0, (5) 

where 𝛤1̂𝜑̂(𝑤) = 𝚷𝛤1(𝑥)𝜑(𝑤). 

We investigate the asymptotic properties of the perturbation process.  

Theorem 1. If the balance condition (5) and the Lévy approximation conditions L1–L3 are satisfied, then the weak 
convergence holds: 

𝜂𝜀(𝑡) → 𝜂0(𝑡), 𝜀 → 0 

The limit process 𝜂0(𝑡) is defined by the generator 

𝛤̂̂𝜑(𝑤) = 𝑎̂̂2𝜑′(𝑤) +
1

2
𝜎̂̂2𝜑′′(𝑤) + ∫ [𝜑(𝑤 + 𝑣) − 𝜑(𝑣)]𝛤̂̂0(𝑑𝑣)

𝑅
, 

where 

𝑎̂̂2 = ∑ 𝜋̂𝑘

𝑘 𝜖 𝐸

∫ 𝜋𝑘
𝐸𝑘

(𝑑𝑥)(𝑎2(𝑥) − 𝑎0(𝑥)), 

𝜎̂̂2 = ∑ 𝜋̂𝑘

𝑘 𝜖 𝐸

∫ 𝜋
𝐸𝑘

(𝑑𝑥)(𝑏(𝑥) − 𝑏0(𝑥)) + 2 ∑ 𝜋̂𝑘

𝑘 𝜖 𝐸

∫ 𝜋
𝐸𝑘

(𝑑𝑥)𝑎1(𝑥)𝑅0𝑎1(𝑥), 

𝑎̂̂0(𝑥) = ∑ 𝜋̂𝑘

𝑘 𝜖 𝐸

∫ 𝑣𝛤0(𝑑𝑣, 𝑥)
𝐸𝑘

, 

𝑏̂̂0(𝑥) = ∑ 𝜋̂𝑘

𝑘 𝜖 𝐸

∫ 𝑣2𝛤0(𝑑𝑣, 𝑥)
𝐸𝑘

, 
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𝛤̂̂0(𝑣) = ∑ 𝜋̂𝑘

𝑘 𝜖 𝐸

∫ 𝜋
𝐸𝑘

(𝑑𝑥)𝛤0(𝑣, 𝑥). 

Thus, in the limit, we have obtained a Lévy process consisting of three components: a deterministic drift, a diffusion 
component, and a Poisson jump part.  

Theorem 2. Under the balance condition and the Lévy approximation conditions L1–L3, the weak convergence in the 
sense of the convergence of generators holds: 

(𝑢𝜀(𝑡), 𝜂𝜀(𝑡)) → (𝑢̂̂(𝑡), 𝜂0(𝑡)) , 𝜀 → 0. 

The limit process (𝑢̂̂(𝑡), 𝜂0(𝑡)) is defined by the generator: 

𝑳𝜑(𝑢, 𝑤) = 𝐶̂̂(𝑢)𝜑′
𝑢

(𝑢, 𝑤) + 𝛤̂̂1
𝑢𝜑(𝑢,∙) + 𝛤̂̂2

𝑤𝜑(∙, 𝑤) 

where  

𝐶̂̂(𝑢) = 𝚷𝐶(𝑥) = ∫ 𝜋(𝑑𝑥)𝐶(𝑢, 𝑥)
𝑋

 

The generators 𝛤̂̂1
𝑢 and 𝛤̂̂2

𝑤 share the same structure but act with respect to different values. The averaged function takes 
the form: 

𝐶̂(𝑢) = ∫ 𝜋(𝑑𝑥)𝐶(𝑢, 𝑥)
𝑋

 

 
4. Numerical Simulations and Scenario Analysis 

 

To illustrate the behaviour of the proposed labour market model, we consider several simulation scenarios with 
synthetic parameters. 

For the baseline scenario the parameters of the local drift are specified for each automation regime as 𝑎𝑗 =
(0.60,0.57,0.54,0.50), 𝑏𝑗 = (0.010,0.018,0.028,0.040), 𝑐𝑗 = (1.0 ⋅ 10−4, 1.0 ⋅ 10−4, 1.1 ⋅ 10−4, 1.2 ⋅ 10−4), 𝑑𝑗 =
(0.40,0.46,0.53,0.60), 𝑑𝑗 = (0.40,0.46,0.53,0.60), 𝑒𝑗 = (0.010,0.015,0.020,0.026). Each value corresponds to one of the 

four automation modes (Manual, H+A, A+H, Fully Automated) and represents the local interaction between labour and 
automation in that regime. The effective coefficients of the classical aggregated model are then obtained by averaging these state 
dependent parameters with respect to the stationary distribution of the fast automation process. Diffusion intensities 𝜎𝑁 =
0.005, 𝜎𝐴 = 0.005 representing small continuous fluctuations in labour demand and automation capacity. Jump intensities 𝜆𝑁 =
0.01, 𝜆𝐴 = 0.02 reflecting higher volatility in automation dynamics. The parameters of the slow generator matrix 𝑄1 includes 
promotion rate 𝜆1 = 0.12, 𝜆2 = 0.13, 𝜆3 = 0.10 and downward transitions 𝜇1 = 0.10, 𝜇2 = 0.08, 𝜇3 = 0.06 representing 
gradual career mobility and possible labour market restructuring. The fast generator matrix 𝑸  is defined by automation adoption 
rates 𝑔1 = 0.55, 𝑔2 = 0.45, 𝑔3 = 0.30 and rollback rates 𝑟1 = 0.20, 𝑟2 = 0.18, 𝑟3 = 0.15, allowing progressive automation 
with occasional returns to human intervention. 

 

 
Fig. 1. Baseline scenario: deterministic vs stochastic dynamics of 𝑁(𝑡) and 𝐴(𝑡) 
 

The figure 1 illustrates the interaction between workforce 𝑁(𝑡) and automation level 𝐴(𝑡) under the baseline 
parameter configuration. Dashed curves denote the deterministic solution, while thin coloured lines represent stochastic Lévy 
trajectories. The deterministic dynamics display cyclical behaviour reflecting feedback between labour supply and 
technological development. Random perturbations cause variability in the cycles, representing technological shocks such as 
the introduction of new AI tools or temporary technological rollback. Nevertheless, the stochastic trajectories remain close 
to the deterministic path, indicating structural stability of the system. At the initial moment the company employs 𝑁(0) = 50 
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workers distributed across qualification levels according to the vector 𝑃(0) = (0.30,0.20,0.32,0.18), which corresponds to 
30% trainees, 20% junior specialists, 32% middle-level employees, and 18% senior specialists. Figure 2 shows the evolution 
of this workforce structure obtained from the aggregated model with parameters averaged over the stationary distribution of 
the fast automation process, presented over a ten-year horizon. 
 

 
Fig. 2. Baseline scenario: workforce structure in the aggregated system 
 

The results indicate that the largest share of employees gradually concentrates in the middle and senior categories, 
reflecting the dominance of upward qualification transitions in the generator 𝑄1. At the initial moment the total automation 
level is 𝐴(0) = 50. In the aggregated model, the task structure is determined by the stationary distribution of the fast 
automation process. Figure 3 illustrates the evolution of the task structure over a ten-year horizon, where the effective 
parameters are averaged with respect to this invariant distribution. 
 

 
Fig. 3. Baseline scenario: task automation structure in the aggregated system 

 
The results indicate a gradual shift toward automation-intensive regimes, with a growing share of A+H and fully 

automated tasks. This behaviour reflects the dominance of forward automation transitions in the generator 𝑸, which drives 
the system toward more technologically intensive production modes. For the scenario accelerated automation environment 
the parameters of the local drift are the same. The Lévy diffusion coefficients are 𝜎𝑁 = 0.005, 𝜎𝐴 = 0.006 with jump 
intensities 𝜆𝑁 = 0.01, 𝜆𝐴 = 0.04, indicating higher volatility in automation dynamics. 

The parameters of the slow generator matrix 𝑄1 remain the same. The parameters of the fast generator matrix 𝐐 are 
modified by increasing the forward transition rates and reducing the rollback rates g1 = 0.65, g2 = 0.52, g3 = 0.38, r1 =
0.15, r2 = 0.12, r3 = 0.10, allowing tasks to move more rapidly toward higher levels of automation while reducing the 
probability of returning to less automated states. 
 

 
Fig. 4. Accelerated automation scenario: deterministic vs stochastic dynamics of 𝑁(𝑡) and 𝐴(𝑡) 
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Compared to the baseline scenario, this configuration exhibits higher variability due to stronger technological 

shocks. Nevertheless, the cyclical interaction between labour and automation remains stable, with stochastic trajectories 

fluctuating around the deterministic dynamics. At the initial moment the total number of employees and their distribution 

across qualification levels remain the same as in the baseline scenario. Figure 5 shows the evolution of this workforce 

structure obtained from the aggregated system over a shortened horizon of ten years. 

 

 
Fig. 5. Accelerated automation scenario: workforce structure in the aggregated system 

 

Compared with the baseline scenario, the model demonstrates a stronger concentration of employees in the senior 

category, accompanied by a faster decline in lower qualification levels. This indicates a higher intensity of upward 

qualification transitions within the workforce structure. At the initial moment the total automation level with the task structure 

is determined by the stationary distribution of the fast automation process. Figure 6 illustrates the evolution of the task 

structure obtained from the aggregated system over a ten-year horizon. 

 

 
Fig. 6. Accelerated automation scenario: task automation structure in the aggregated system 

 

Compared with the baseline scenario, the transition toward highly and fully automated tasks occurs more rapidly. 

This indicates a stronger dominance of forward automation transitions in the generator 𝑸, leading to faster displacement of 

manual and partially assisted tasks. 

For the scenario rollback manual, the parameters of the local drift are the same as for the previous scenarios, while 

the jump intensities of the automation process are reduced 𝜆𝐴 = 0.015, indicating less frequent technological shocks. The 

parameters of the slow generator matrix 𝑄1 remain the same. In contrast, the fast generator matrix 𝑸 is adjusted by decreasing 

the forward transition rates and increasing rollback rates 𝑔1 = 0.30, 𝑔2 = 0.22, 𝑔3 = 0.15, 𝑟1 = 0.10, 𝑟2 = 0.08, 𝑟3 = 0.06, 

allowing tasks to move back toward lower automation levels.  
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Fig. 7. Rollback manual scenario: deterministic vs stochastic dynamics of 𝑁(𝑡) and 𝐴(𝑡) 

 

The trajectories on the Figure 7 exhibit slightly reduced stochastic variability compared with the previous scenario 

due to the lower intensity of technological shocks. At the same time, the cyclical interaction between labour and automation 

remains preserved, indicating that even under slower technological dynamics the system maintains a stable labour–

automation feedback structure. 

At the initial moment, the distribution of employees across qualification levels is assumed to be the same as in the 

previous scenarios. Figure 8 illustrates the evolution of this workforce structure in the rollback automation environment. 

Compared with the previous scenarios, the dynamics exhibit greater temporal variability. The number of senior employees 

initially increases due to slower forward automation and stronger rollback transitions, but later declines as a result of 

stochastic shocks and structural adjustments. Lower qualification levels (trainee and junior) gradually decrease, indicating a 

reduced inflow and slower regeneration of the workforce structure. 

 
Fig. 8. Rollback manual scenario: workforce structure in the aggregated system 

 

At the initial moment, the distribution of tasks is determined by the stationary distribution of the fast automation 

process. Figure 9 illustrates the evolution of the task structure in the rollback automation environment. Unlike the previous 

scenarios, the share of automated tasks decreases over time, while manual and human-assisted tasks become more prominent. 

Such behavior may occur when technologies become obsolete or less efficient, causing a partial return to human labour. 

 

 
Fig. 9. Rollback manual scenario: task automation structure in the aggregated system 
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5. Conclusions 
 

In this study, we have developed a comprehensive stochastic evolutionary model to analyze the complex interactions 

within the technological labor market under the influence of rapid AI advancement. By integrating the classical Lotka-

Volterra framework with Markov switching and Levy-type stochastic jumps, we have successfully captured both the 

continuous dynamics of labor redistribution and the impact of discrete, high-impact «innovation shocks». 

The core theoretical contribution of this work lies in the application of the phase merging method within the state 

space of the system. By employing the formalism of redundant-invertible operators to address the singular perturbation 

problem, we derived a reduced asymptotic model. This simplification facilitates a more rigorous and tractable analysis of the 

complex high-dimensional system while preserving the essential qualitative characteristics and asymptotic properties of the 

original stochastic process. Numerical simulations conducted for three distinct development scenarios – baseline, accelerated 

automation, and technological rollback – validate the model’s performance. The results demonstrate that while stochastic 

perturbations increase trajectory variability, the underlying cyclical interaction between employment and automation remains 

robust. Specifically, the accelerated automation scenario indicates a rapid transition toward highly automated tasks and a 

higher concentration of workforce in senior qualification groups, whereas the rollback scenario exhibits greater structural 

fluctuations and slower adaptation. 

From a strategic perspective, the developed model serves as the mathematical foundation for a decision support 

system, intended to be implemented as a specialized web application. This tool will allow for the simulation of diverse market 

trajectories, helping to assess the resilience of strategic sectors against disruptive technological breakthroughs. Future 

development of this research will focus on expanding the model to incorporate a wider range of external socio-economic 

factors. A key priority will be the empirical calibration of the model parameters through the synthesis of heterogeneous data 

from academic literature and open-access databases. Further investigation into the systems stability, the identification of 

equilibrium points, and comparative analysis with existing market models will ensure the practical reliability of the decision-

making tool in conditions of global uncertainty. 
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