
Issues in Information Systems 
Volume 25, Issue 2, pp. 55-70, 2024  

 
 

55 

 

DOI: https://doi.org/10.48009/2_iis_2024_105    

 

Modeling quantum jumping dynamics with random initial state 

probabilities using Markov chains  
 
Jongho Seol, Middle Georgia State University, jongho.seol@mga.edu  

Abhilash Kancharla, The University of Tampa, akancharla@ut.edu  

Jongyeop Kim, Georgia Southern University, jongyeopkim@georgiasouthern.edu  

Jonghoon Kim, University of North Florida, jongkim@unf.edu  

 

 

Abstract 
 

Understanding the complex behavior of quantum systems, particularly quantum jumping phenomena, is 

crucial for advancing quantum technologies. This study presents a novel approach that leverages Markov 

chain modeling to simulate the dynamics of quantum jumping, incorporating random initial state 

probabilities. The proposed model generates a transition matrix representing the probabilities of 

transitioning between different quantum states. These transition probabilities are then used to simulate the 

evolution of the quantum system over discrete time steps. Random initial state probabilities are also 

generated to capture the inherent uncertainty in the system's initial conditions. Through rigorous 

simulation, the Markov chain model tracks the probabilities of the quantum system occupying different 

states over time. The resulting dynamics offer valuable insights into the behavior of quantum jumping 

phenomena under random initial conditions. Analysis of convergence properties, steady-state behavior, 

and sensitivity to initial conditions provides further understanding of the underlying dynamics. This 

research contributes to the broader understanding of quantum phenomena and has practical implications 

for quantum computing, communication, and sensing. By incorporating random initial state probabilities 

into the Markov chain model, we gain a more comprehensive understanding of quantum jumping 

dynamics, paving the way for advancements in quantum technology. 
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Introduction  

 
Quantum computing (Gruska, 1999) (Steane, 1998) (Williams, 2010) has emerged as a promising paradigm 

with the potential to revolutionize various fields, including machine learning. One of the key phenomena 

in quantum computing is quantum jumping, which refers to the sudden transitions between quantum states 

that occur during the evolution of a quantum system. Understanding the dynamics of quantum jumping is 

essential for harnessing the power of quantum-inspired algorithms in machine-learning tasks. 

 

In classical computing, algorithms typically evolve deterministically, with each step being precisely defined 

by a set of rules. However, in quantum computing, the probabilistic nature of quantum mechanics (Messiah, 

2014) introduces inherent uncertainty into the system, leading to non-deterministic behavior. Quantum 

jumping embodies this uncertainty, as quantum systems can transition between different states 

probabilistically, influenced by factors such as measurement outcomes and environmental noise. 

 

In recent years, researchers have begun exploring the potential of quantum jumping in the context of 

machine learning (Jerbi, 2023). Quantum-inspired algorithms, such as quantum annealing and quantum 
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neural networks, leverage the principles of quantum mechanics to perform tasks such as optimization, 

pattern recognition, and classification. Quantum jumping plays a crucial role in these algorithms, 

facilitating rapid state transitions that enable efficient computation of complex problems. 

Traditional approaches to modeling quantum jumping often rely on complex quantum mechanical 

formalisms, making them challenging to analyze and apply in practical settings (Ciliberto, 2018). This study 

proposes a novel approach to modeling quantum jumping dynamics using Markov chain models with 

random initial state probabilities. This approach provides a more accessible framework for simulating and 

analyzing quantum jumping dynamics, offering insights into its behavior within machine learning systems 

with greater ease and efficiency. 

 

Markov chains offer a simple yet powerful framework for capturing stochastic processes, making them 

well-suited for modeling the probabilistic nature of quantum jumping (Marbeau, 1990) (Gruska, 1999). By 

simulating the behavior of quantum jumps using Markov chain models, we aim to gain insights into the 

transient dynamics of quantum systems and their implications for machine learning algorithms. 

 

This paper presents a methodology for simulating quantum jumping dynamics in machine learning systems 

using Markov chains with random initial state probabilities. We conduct a series of simulations to analyze 

the behavior of quantum jumps and their impact on learning dynamics. Our findings contribute to the 

understanding of quantum-inspired computing paradigms and offer valuable insights for developing 

efficient machine learning algorithms. 

 
Literature Review 

  
Quantum jumping (Plenio, 1998), a phenomenon deeply rooted in the principles of quantum mechanics, 

has garnered significant attention in quantum computing and quantum-inspired machine learning 

algorithms. Early studies in quantum mechanics laid the foundation for understanding quantum jumping, 

with seminal works by pioneers such as Niels Bohr and Werner Heisenberg elucidating the probabilistic 

nature of quantum systems (Barber, 2012). 

 

In the context of quantum computing, quantum jumping has been extensively studied, as well as quantum 

annealing, a quantum optimization technique pioneered by D-Wave Systems. Quantum annealing exploits 

the phenomenon of quantum tunneling, which enables quantum systems to overcome energy barriers and 

rapidly transition between states. Quantum annealers leverage quantum jumping to efficiently explore the 

energy landscape of optimization problems offering potential speedups over classical optimization 

algorithms (Hadfield, 2017). 

 

Moreover, quantum-inspired machine learning algorithms have emerged as a promising approach for 

tackling complex computational tasks. Quantum neural networks, particularly, have attracted considerable 

interest due to their ability to exploit quantum principles such as superposition and entanglement (Schuld, 

2015). Quantum jumping plays a crucial role in quantum neural networks' training and inference process 

enabling rapid updates to network parameters based on probabilistic transitions between quantum states 

(Schuld, 2015). Quantum jumping, also known as quantum tunneling, enables rapid updates to network 

parameters through probabilistic transitions between quantum states, playing a crucial role in quantum 

neural networks (QNNs). This allows QNNs to leverage quantum superposition and entanglement, 

processing complex data more efficiently. Probabilistic transitions enable the network parameters to update 

based on the probability distribution of quantum states, allowing QNNs to escape local minima and achieve 

faster convergence. Additionally, quantum jumping enhances the optimization process by enabling the 

network to sample from the best solutions, reducing training time and making real-time applications more 
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effective. However, practical implementation and experimentation are necessary to fully realize these 

benefits. 

These experimental studies have provided valuable insights into the dynamics of quantum systems and their 

behavior under different conditions, further underscoring the importance of quantum jumping in quantum 

computing applications (Devoret, 2013). 

In this study, we propose a novel approach to modeling quantum jumping dynamics using Markov chain 

models with random initial state probabilities (Lafferty, 2001) (Lauritzen, 1996) (Koller, 2009) (Koller, 

2009). By leveraging the simplicity and flexibility of Markov chains, we aim to provide a more accessible 

framework for analyzing the behavior of quantum jumps in machine learning algorithms. Our approach 

builds upon previous quantum computing and Markov chain modeling research, offering a comprehensive 

analysis of quantum jumping dynamics and their implications for machine learning applications.  

 

Modeling quantum jumping dynamics with state probability is closely related to the functioning of quantum 

neural networks (QNNs). In QNNs, qubits exist in superposition states, representing multiple possible 

outcomes simultaneously, and quantum jumping dynamics describe how these qubit states transition 

probabilistically. During the training process, these transitions allow the network to update its parameters 

efficiently, helping it to escape local minima and find global solutions. Inference in QNNs also relies on 

these probabilistic state transitions to process new information and make decisions quickly. Accurate 

modeling of quantum jumping dynamics thus provides a framework for developing more robust and 

efficient QNNs, enhancing their ability to solve complex problems and adapt in real-time. 

 

 

Methodology and Proposed Model 

 
Our methodology introduces a novel model for simulating quantum jumping dynamics in machine learning 

systems through the application of Markov chain theory, offering a simplified yet powerful framework to 

capture the probabilistic nature of quantum jumps. We begin by representing quantum states as discrete 

elements within a Markov chain, where each state corresponds to a unique quantum condition characterized 

by properties such as energy levels or spin configurations. Transition probabilities between these states are 

defined based on the likelihood of quantum jumps occurring within discrete time intervals, reflecting the 

stochastic behavior of the quantum system. To incorporate the inherent uncertainty of quantum states, we 

assign random initial state probabilities to the Markov chain, which reflect the initial distribution of the 

quantum states at the simulation's onset.  

 

The simulation process advances iteratively through discrete time steps, where state probabilities are 

updated based on the transition probabilities determined by the Markov chain model, thus capturing the 

evolution of the quantum system over time. After the simulation, we analyze the results by generating 

sequence plots to visualize the temporal evolution of state probabilities and performing statistical analyses 

to assess the variability and convergence properties of the model. To validate the proposed approach, we 

compare the results obtained from the Markov chain simulation with those derived from complex quantum 

mechanical formalisms, evaluating the consistency and accuracy of our model in representing quantum 

jumping dynamics. This methodology not only advances the understanding of quantum dynamics but also 

contributes to developments in quantum computing and algorithm design, as illustrated by Figure 1, which 

depicts the state transitions and corresponding transition probabilities between quantum states 𝑆1, 𝑆2and 𝑆3, 
providing a visual representation of the quantum jumping process from initial to transition to observer states. 

 

This section presents a novel model for simulating quantum jumping dynamics in machine learning systems 

using Markov chain theory. We represent the quantum states of the system as discrete states in the Markov 

chain, with each state corresponding to a distinct quantum state characterized by its energy level, spin 
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configuration, or other relevant properties. Transition probabilities between states are defined based on the 

likelihood of a quantum jump occurring within a given time interval, capturing the probabilistic nature of 

quantum jumping. To account for the uncertainty inherent in quantum states, we assign random initial state 

probabilities to the Markov chain, representing the distribution of quantum states at the beginning of the 

simulation. The simulation proceeds iteratively over discrete time steps, with the system transitioning 

between states according to the defined transition probabilities. State probabilities are updated at each time 

step based on the transition probabilities, reflecting the evolution of the quantum system over time. Upon 

completing the simulation, we analyze the results to gain insights into the dynamics of quantum jumping, 

generating sequence plots to visualize the evolution of state probabilities and performing statistical analysis 

to assess variability and convergence properties. Finally, we validate the proposed model by comparing its 

results with those obtained from complex quantum mechanical formalisms, verifying its effectiveness in 

capturing quantum jumping dynamics in machine learning systems. 

 

Figure 1 illustrates the state transitions corresponding to the initial, transition, and observer states in the 

context of quantum jumping dynamics. The diagram depicts three quantum states, denoted as 𝑆1, 𝑆2, and 

𝑆3 with directed edges representing possible transitions between states. Transition probabilities, such as 

𝑄𝑝12, 𝑄𝑝21, 𝑄𝑝13, 𝑄𝑝31, 𝑄𝑝23, and 𝑄𝑝32 quantify the likelihood of transitioning from one state to another. 

This visualization provides a clear representation of the sequential events involved in the sudden transition 

of a quantum system from its initial state to a transition state during the quantum jump, and finally to an 

observer state reflecting the outcome of the jump. 

 

 

 
Figure 1: Model of the Basic State Transitions of Initial, Transition, and Observer 

 

In the context of quantum jumping, the concept often refers to the instantaneous transition of a quantum 

system from one state to another without passing through intermediate states. Here's how the theory of 

quantum jumping might relate to the states 𝑆1, 𝑆2, and 𝑆3: 

 

𝑺𝟏 (Initial State): In the theory of quantum jumping, 𝑆1 could represent the initial state of the 

system before any quantum jumps occur. This state may correspond to a stable or prepared state of 

the system. 

 

𝑺𝟐 (Transition State): 𝑆2 could represent the state of the system during a quantum jump. In this 

state, the system undergoes a sudden and unpredictable transition to a different quantum state due 

to quantum processes such as measurement or interaction. 
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𝑺𝟑 (Observer State): After the quantum jump has occurred, the system settles into a new state, 

which is represented by 𝑆3. This state reflects the outcome of the quantum jump and can be observed 

or measured. It may contain information about the properties or characteristics of the system after 

the jump has taken place.  

 

In summary, the states 𝑆1, 𝑆2, and 𝑆3 in the context of quantum jumping, depict the sequence of events 

involved in the sudden transition of a quantum system from one state to another, along with the 

corresponding observer's perception or measurement of this transition. 

In this diagram: 

 

• 𝑆1, 𝑆2 𝑎𝑛𝑑 𝑆3 represent three quantum states. 

• Directed edges between states represent possible transitions. 

• Transition probabilities are labeled on the edges (e.g., 𝑄𝑝12 represents the quantum probability of 

transitioning from 𝑆1 to 𝑆2.) 

 

Building upon the presented model, incorporating the quantum jumping theory into machine learning 

systems offers a novel perspective on understanding and simulating complex quantum dynamics. For 

instance, in optimizing training algorithms, quantum jumping enables a neural network to explore a wider 

range of weight configurations by probabilistically transitioning between states, which helps in escaping 

local minima and discovering better solutions more quickly than traditional gradient-based methods.  

 

Additionally, in enhancing data processing, quantum jumping allows a system to probabilistically transition 

between different data states, enabling simultaneous exploration of multiple patterns and leading to more 

efficient and accurate analysis of large datasets. In improving predictive models, such as those used in 

finance, quantum jumping theory enables simulations of various market scenarios by exploring multiple 

potential future states in parallel, offering more accurate predictions and better risk management strategies. 

Similarly, in developing robust security algorithms, quantum jumping can model a broad range of potential 

cyber threats by probabilistically exploring different attack scenarios, thus enhancing threat detection and 

response capabilities.  

 

This novel approach leverages the probabilistic nature of quantum mechanics to provide innovative 

solutions across various domains, advancing both quantum computing and machine learning technologies. 

By representing quantum states as discrete states within a Markov chain framework, the model captures the 

probabilistic nature of quantum jumping, wherein transitions between states occur instantaneously and 

unpredictably.  

 

The discrete-time simulation iteratively evolves the system over time, updating state probabilities based on 

defined transition probabilities. Through sequence plots and statistical analysis, the dynamics of quantum 

jumping are visualized and assessed for variability and convergence properties. Additionally, the model's 

validation against complex quantum mechanical formalisms ensures its efficacy in capturing the intricate 

dynamics of quantum systems.  

 

Furthermore, in the context of quantum jumping, the states 𝑆1, 𝑆2, and 𝑆3 depict the sequential events of a 

quantum system's transition from its initial state (𝑆1) to a transition state (𝑆2) during the quantum jump, and 

finally to an observer state (𝑆3) reflecting the outcome of the jump. This conceptualization provides a 

framework for understanding the sudden transitions inherent in quantum systems and their corresponding 

observational outcomes. The accompanying diagram visually represents these states and their possible 

transitions, with directed edges indicating potential transitions between states and transition probabilities 
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quantifying the likelihood of such transitions, thereby enriching the understanding of quantum jumping 

dynamics within machine learning systems. 

 

The following pseudocode algorithm shows the basic procedures of the model simulation and analysis, 

followed by validation. 

 

Initialize: 

- Define quantum states 𝑆1, 𝑆2, ..., 𝑆𝑛 

- Define transition probabilities between states 

- Assign random initial state probabilities to the Markov chain 

- Define simulation parameters: number of time steps (𝑇), time interval (𝑑𝑡) 

 

Iterative Simulation: 

for t = 1 to T: 

    for each state 𝑆𝑖: 

        Calculate transition probabilities from 𝑆𝑖 to other states based on quantum jumping dynamics 

        Update state probabilities based on transition probabilities 

         

Visualization and Analysis: 

Plot sequence of state probabilities over time 

Perform statistical analysis on state probabilities to assess variability and convergence properties 

 

Validation: 

Compare simulation results with complex quantum mechanical formalisms 

Assess effectiveness of the model in capturing quantum jumping dynamics in machine learning systems 

 

The proposed model for simulating quantum jumping dynamics in machine learning systems using Markov 

chain theory integrates both theoretical aspects and practical advantages. The model employs Markov 

chains to represent quantum states, capturing the stochastic nature of quantum jumping. Transition 

probabilities are defined based on quantum principles, allowing for a probabilistic simulation of quantum 

dynamics. Random initial state probabilities introduce uncertainty, reflecting real-world quantum systems. 

The iterative simulation provides theoretical insights into the dynamics of quantum jumping, offering a 

deeper understanding of complex quantum phenomena. 

 

Additionally, the model offers practical advantages by enabling visualization and analysis of simulation 

results, facilitating the assessment of variability and convergence properties. Moreover, validation against 

complex quantum mechanical formalisms ensures the model's accuracy and reliability. Overall, this 

approach advances theoretical understanding and provides practical tools for studying and harnessing 

quantum phenomena in machine learning applications. 

 

 

Analysis of Simulation 
 

In our simulation, we employ the proposed Markov chain model to simulate the behavior of quantum 

jumping in machine learning algorithms. The model incorporates random initial state probabilities to reflect 

the uncertainty inherent in quantum states at the outset of the simulation. By iterating over discrete time 

steps, the system transitions between states according to defined transition probabilities, capturing the 

transient behavior of quantum jumping dynamics. The simulation runs until a specified number of time 

steps or convergence criteria are met, allowing us to observe the system's evolution over time. 
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Following the completion of the simulation, we conduct a comprehensive analysis to glean insights into the 

stochastic nature of quantum jumping in machine learning systems. We generate sequence plots illustrating 

the evolution of state probabilities over time, providing a visual representation of the simulation results. 

These plots facilitate the observation of quantum jumping dynamics and enable the identification of patterns 

or trends in the system's evolution. Furthermore, we employ statistical analysis techniques to assess the 

variability and convergence properties of the Markov chain model, aiding in evaluating the reliability and 

accuracy of the simulation results. 

 

To validate the simulated results, we compare them with outcomes obtained from established quantum 

mechanical formalisms. By evaluating the consistency and accuracy of our approach against established 

quantum models, we verify the effectiveness of the Markov chain methodology in capturing quantum 

jumping dynamics in machine learning systems. This validation process ensures the reliability and 

applicability of our simulation results, bolstering the credibility of our findings and conclusions in quantum 

jumping dynamics within machine learning frameworks. 

 

 

Results and Discussion 

 
This section presents the findings from our simulation and analysis of different random number generation 

methods on Markov chain dynamics. We discuss the observed behavior of the Markov chains and analyze 

the implications of our results. 

 

The simulations using quantum random numbers exhibit true randomness, with each run yielding distinct 

state probabilities over time. The quantum nature of the random numbers results in dynamic and 

unpredictable behavior of the Markov chains. This property makes quantum random numbers well-suited 

for applications requiring high levels of randomness and security, such as cryptographic protocols and 

Monte Carlo simulations. 

 

Quantum jump numbers emulate the abrupt changes observed in quantum systems when transitioning 

between states. Our simulations show that the Markov chains driven by quantum jump numbers experience 

sudden shifts in state probabilities, leading to discontinuous dynamics. This behavior is advantageous for 

modeling stochastic processes with unexpected events or phase transitions, such as in financial modeling 

and biological systems. 

 

Using general random numbers generated by classical methods, the Markov chains exhibit stochastic but 

predictable behavior. The state probabilities evolve smoothly over time, reflecting the probabilistic nature 

of classical random processes. While general random numbers lack the inherent randomness of quantum 

phenomena, they remain valuable for various applications, including simulations, optimization algorithms, 

and statistical analysis. 

 

Quantum-like numbers attempt to replicate the probabilistic behavior of quantum systems using classical 

simulation techniques. Our simulations reveal that while quantum-like numbers capture some aspects of 

quantum randomness, they do not fully replicate the dynamic nature observed in quantum random or 

quantum jump numbers. Nevertheless, quantum-like numbers compromise true randomness and 

computational efficiency, making them suitable for applications where a balance between randomness and 

computational resources is desired. 

 

Comparing the results across different random number generation methods highlights the trade-offs 

between randomness, computational complexity, and predictability. Quantum random and quantum jump 
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numbers offer high levels of randomness and unpredictability but may require significant computational 

resources. General random numbers provide deterministic randomness with lower computational overhead 

but lack true randomness. Quantum-like numbers offer a middle ground, balancing randomness and 

computational efficiency, albeit with limitations in replicating quantum behavior. 

 

Our findings underscore the importance of selecting appropriate random number generation methods based 

on the application's specific requirements. While quantum random and quantum jump numbers offer 

unparalleled randomness, their practical implementation may be challenging due to resource constraints. 

General random numbers remain reliable for many applications, providing sufficient randomness with 

manageable computational costs. Quantum-like numbers represent an emerging area of research, offering 

a compromise between true randomness and computational efficiency, albeit with ongoing challenges in 

accurately replicating quantum behavior. 

 

In conclusion, the results and discussion highlight the diverse landscape of random number generation 

methods and their implications for computational modeling and simulation. By understanding the strengths 

and limitations of different approaches, researchers and practitioners can make informed decisions when 

selecting random number generation methods for their applications, ultimately advancing science, 

engineering, and technology.  

 

Our simulations reveal the transient behavior of quantum jumping dynamics in machine learning systems. 

Sequence plots depicting the evolution of state probabilities over time provide insights into the stochastic 

nature of quantum jumps. Figure 1 shows an example sequence plot illustrating the state probabilities of a 

quantum system undergoing rapid transitions between states. The simulation captures the dynamics of 

quantum jumping, highlighting the probabilistic nature of state transitions and the variability in state 

probabilities over time. 

 

We perform statistical analysis techniques to assess the variability and convergence properties of the 

Markov chain model. The analysis reveals the stability of the simulation results and provides quantitative 

measures of the uncertainty associated with quantum jumping dynamics. Additionally, we compare the 

simulated results with those obtained from complex quantum mechanical formalisms to validate the 

accuracy of our approach. 

 

The results of our simulations demonstrate the effectiveness of the proposed Markov chain model in 

capturing the dynamics of quantum jumping in machine learning systems. By representing quantum states 

as discrete states in a Markov chain and assigning random initial state probabilities, we effectively capture 

the stochastic nature of quantum jumps. The sequence plots and statistical analysis provide valuable insights 

into the behavior of quantum jumping dynamics, enhancing our understanding of its implications for 

machine learning algorithms. 

 

Moreover, the comparison with established quantum models validates the reliability and accuracy of our 

simulation results. The consistency between the simulated outcomes and those derived from complex 

quantum mechanical formalisms confirms the effectiveness of the Markov chain methodology in capturing 

quantum jumping dynamics. This validation process reinforces, underscores the importance of our approach 

our findings' credibility, and underscores our approach's importance in studying quantum-inspired 

computing paradigms.  

 

The insights gained from our simulations have significant implications for developing and optimizing 

machine learning algorithms. Understanding the dynamics of quantum jumping can inform the design of 

more efficient and robust quantum-inspired algorithms, leading to advancements in various application 
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domains. Future research could explore more complex Markov chain models to capture additional factors 

influencing quantum jumping dynamics and investigate the application of quantum jumping models in 

specific machine learning tasks. 

 

General Random Numbers: 

 

Figure 2 shows the simulation of a general random number generation method with states ranging from 0 

to 9, and Figure 3 presents the analysis of the simulation. Figure 2 illustrates the average state probabilities 

over time when using a general random number generation method. Initially, the state probabilities show 

moderate variability, reflecting the deterministic randomness of classical methods. Over time, these 

probabilities gradually converge to a stable distribution, indicating that the Markov chain reaches 

equilibrium. This convergence is less volatile compared to quantum-based methods, emphasizing the 

predictable nature of classical random number generation.  

 

 
Figure 2: Simulation of General Random Number Generation Method 

 

In figure 3, the standard deviation of state probabilities is shown, representing the variability at each time 

step. Initially, the standard deviation is moderate, mirroring the controlled randomness of general random 

number generation. As the simulation progresses, the standard deviation decreases steadily, indicating a 

reduction in variability and the stabilization of state probabilities. This consistent decrease showcases the 

ability of Markov chain dynamics to smooth out initial variations and achieve stability more predictably. 

 

 
Figure 3: Analysis of the Probability 
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Quantum Random Numbers: 

 

Figure 4 shows the simulation of a quantum random number generation method with states ranging from 0 

to 9, and Figure 5 presents the analysis of the simulation. Figure 4 shows the average probabilities of each 

state at each time step. Initially, the mean state probabilities exhibit significant variability, reflecting the 

inherent randomness of the quantum random number generation. As the simulation progresses, these 

probabilities converge towards a stable distribution, indicating the system's progression towards 

equilibrium. This convergence pattern highlights the effectiveness of Markov chains in stabilizing state 

probabilities over time, even with high initial randomness. In figure 5, the standard deviation of state 

probabilities is plotted, representing the variability in state probabilities at each time step. Initially, the 

standard deviation is high, reflecting the initial wide range of probabilities due to the quantum random 

number generation method. As the simulation advances, the standard deviation decreases, showing reduced 

variability and the stabilization of the state probabilities. This trend indicates that the Markov chain 

dynamics effectively smooth out the initial randomness, leading to a more predictable and stable system 

over time. 

 

 
Figure 4: Simulation of Quantum Random Number Generation Method 

 

 

 
Figure 5: Analysis of the Probability  
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Quantum random numbers are generated using quantum phenomena, typically from measurements of 

quantum systems. In our simulation, we emulate quantum random numbers by initializing a quantum-like 

state vector and performing measurements to obtain random outcomes. The quantum random numbers 

exhibit properties such as superposition and uncertainty, leading to probabilistic outcomes. Due to the 

inherent randomness of quantum measurements, each simulation run produces different results. Quantum 

random numbers are suitable for applications requiring true randomness, such as cryptography and secure 

communication. 

 

Quantum Jump Numbers simulation: 

 

Figure 6 presents across all five sequences; the simulations reveal a range of behaviors influenced by the 

random initial state probabilities and the transition matrix. The mean and standard deviation of state 

probabilities across these sequences provide a comprehensive view of the system’s variability and 

convergence properties. The differences observed in each sequence highlight the sensitivity of the Markov 

chain dynamics to initial conditions and transition probabilities, emphasizing the importance of careful 

selection and calibration of these parameters in practical applications. In the first sequence, we initialize 

the Markov chain with random state probabilities using quantum jumping random numbers. The state 

probabilities evolve over the specified time steps, showing a distinct pattern of transitions influenced by the 

initial state and transition matrix. The probability distribution among the states stabilizes quickly, indicating 

a relatively fast convergence to a steady state. 

 

The second sequence begins with a different set of random initial state probabilities, leading to a unique 

trajectory of state transitions. Compared to the first sequence, the state probabilities demonstrate more 

variability in the initial steps before converging. This variability highlights the influence of the initial 

random state probabilities on the system's evolution. 

 

In the third sequence, the state probabilities follow a more gradual convergence pattern. The transitions 

between states occur with varying intensities, and some states exhibit prolonged dominance before the 

probabilities even out. This sequence provides insight into the dynamics of states that experience delayed 

stabilization due to specific transition probabilities. 

 

The fourth sequence displays a distinct evolution of state probabilities, with some states showing 

intermittent spikes in probability before settling. The behavior observed in this sequence underscores the 

stochastic nature of quantum jumps and the impact of the transition matrix on state transitions. The final 

state probabilities indicate a balanced distribution among the states. The fifth and final sequence 

demonstrates a steady evolution of state probabilities with fewer fluctuations compared to the earlier 

sequences. The transition matrix guides the states towards equilibrium more smoothly, resulting in a quicker 

stabilization of probabilities. This sequence exemplifies how certain configurations of the transition matrix 

and initial probabilities can lead to more predictable dynamics. 

 
Figure 6: Quantum Jump Number Generation Method 
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Figure 7 demonstrates that the standard deviation, which represents variability, decreases over time. 

Initially, the variability is high due to the random start, but as the system approaches equilibrium, this 

variability diminishes. The initial wide probability range is due to the random assignment of initial state 

probabilities among the 10 states. As the simulation progresses, the transition matrix’s influence 

redistributes these probabilities, leading to a narrower range as the system stabilizes. This convergence to 

a stable distribution explains why the initial variability decreases over time. 

 
Figure 7: Analysis of the Probability 

 

Quantum jump numbers emulate the behavior of quantum jumps in quantum systems, where a system 

transitions between states abruptly. We model quantum jump numbers in our simulation by randomly 

selecting a state from a quantum-like state vector. Quantum jump numbers demonstrate sudden and 

unpredictable changes like quantum state collapses. Similar to quantum random numbers, each simulation 

run yields different results due to the random nature of the quantum jumps. Quantum jump numbers are 

valid for applications requiring unpredictable events or abrupt changes, such as modeling stochastic 

processes and quantum simulations. 

 

General Random Numbers:  

 

General random numbers are generated using classical random number generation techniques, such as 

pseudo-random number generators. In our simulation, we use standard methods like np.random.rand to 

generate random numbers. General random numbers follow statistical distributions specified by their 

generation algorithm. Although the numbers appear random, they are deterministic and repeatable given 

the same seed. General random numbers suit various applications, including simulations, statistical analysis, 

and modeling. 

 

Quantum-Like Numbers: 

 

Figure 8 shows the simulation of a quantum-like number generation method with states ranging from 0 to 

9, and Figure 9 presents the analysis of the simulation. Quantum-like numbers aim to mimic the 

probabilistic behavior of quantum systems using classical methods. In our simulation, we simulate 

quantum-like numbers by generating random binary strings and converting them to decimals. Quantum-

like numbers exhibit properties such as uncertainty and randomness, similar to quantum random numbers. 

However, they lack the true randomness inherent in quantum phenomena and are deterministic given the 
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same inputs. Quantum-like numbers may find applications when true randomness is not critical, such as 

simulations and modeling. 

 

 
Figure 8: Quantum-like Number Generation Method 

 

In summary, the analysis across Figures 2 through 9 highlights the unique characteristics and applications 

of different random number generation methods. Figures 2 and 3 demonstrate that general random numbers 

offer a reliable, deterministic approach with moderate variability and predictable convergence, making 

them suitable for standard simulations and Monte Carlo methods. Figures 4 and 5 illustrate that quantum 

random numbers, while providing true randomness and high unpredictability, are resource-intensive and 

less predictable. Figures 6 and 7 showcase that quantum jump numbers capture the probabilistic nature of 

quantum state transitions with high initial variability but face challenges with computational complexity 

and convergence. Finally, Figures 8 and 9 present quantum-like numbers as a balanced method offering a 

compromise between the unpredictability of quantum methods and the efficiency of classical methods. Each 

method’s distinct properties inform its suitability for different applications, with general random numbers 

best for practical uses, quantum random numbers for high-stakes scenarios requiring true randomness, and 

quantum-like numbers for applications seeking a blend of randomness and efficiency. 

 

 

 
Figure 9: Analysis of the Probability 
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Findings and Future Works 

 
Our study uncovers the distinct characteristics of different random number generation methods and their 

impacts on Markov chain dynamics. Quantum random numbers and quantum jump numbers demonstrate 

true quantum randomness with dynamic and unpredictable state transitions, while general random numbers 

offer deterministic randomness leading to smoother state transitions. Quantum-like numbers strike a 

balance between randomness and computational efficiency, though they fall short of fully replicating 

quantum behavior. These findings highlight the trade-offs between randomness, computational complexity, 

and predictability, underlining the importance of selecting the right method based on specific application 

requirements. 

 

Building upon these insights, future research should explore several promising avenues. Advanced quantum 

random number generation techniques could be developed to enhance the authenticity of quantum 

simulations, especially as quantum computing hardware evolves. Additionally, there is potential to refine 

quantum-like algorithms to better emulate quantum phenomena while minimizing computational costs.  

 

Expanding the scope of analysis to include diverse computational models and real-world applications may 

provide deeper insights into the practical uses of various random number generation methods. Investigating 

hybrid approaches that merge classical and quantum techniques could also unveil new opportunities for 

improving both randomness and efficiency in simulations. As computational hardware and algorithms 

advance, there will be continuous opportunities to refine random number generation methods, fostering 

innovation in scientific and engineering fields. 

 

Our research offers a foundation for developing more effective quantum-inspired algorithms and advancing 

machine learning techniques. By deepening the understanding of quantum jumping dynamics, the study 

opens avenues for creating robust quantum-inspired algorithms with significant implications for 

optimization, classification, and pattern recognition. These advancements have the potential to 

revolutionize various industries, including finance, healthcare, and cybersecurity, by enabling solutions to 

complex problems with unprecedented speed and effectiveness. Embracing these insights can drive future 

innovations and shape the future of quantum computing and machine learning, unlocking new opportunities 

for addressing real-world challenges. 

 

 

Limitations 
 

While our study sheds light on the behavior of various random number generation methods in Markov chain 

dynamics, several limitations warrant consideration. Our simulations utilize simplified models and 

approximations, potentially overlooking complexities present in real-world scenarios. Additionally, the 

computational demands associated with quantum-based approaches and the approximation of quantum-like 

behavior may not fully capture the intricacies of true quantum randomness.  

 

Statistical analyses could be further refined to provide a more nuanced understanding of the results, and the 

applicability of findings may vary depending on specific application requirements. Furthermore, ongoing 

advancements in random number generation methods and computational technologies may render our 

conclusions subject to evolution. Despite these constraints, our study offers valuable insights into the 

comparative performance of different random number generation methods and their implications for 

computational modeling and simulation, highlighting avenues for future research and development.  
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Conclusion 

 
Our study explores various random number generation methods and their influence on Markov chain 

dynamics, revealing the unique characteristics of quantum random numbers, quantum jump numbers, 

general random numbers, and quantum-like numbers. Through extensive simulations and analyses, we 

emphasize the significance of choosing the right random number generation method based on specific 

application requirements.  

 

Quantum-based methods, while offering exceptional randomness and unpredictability, can be resource-

intensive and challenging to implement. In contrast, classical methods provide deterministic randomness 

with lower computational costs. Quantum-like numbers present a promising middle ground, offering a 

balance between randomness and computational efficiency, though they may not fully replicate true 

quantum behavior.  

 

As the field of random number generation and computational modeling progresses, our study provides 

valuable insights and guidance for future research. By understanding the strengths and limitations of 

different methods, researchers and practitioners can make informed decisions to advance various scientific 

and engineering disciplines. 
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