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Abstract—In the face of escalating demand for high-speed 

optimization algorithms, particularly for complex and time-

sensitive problems, developing a rapid metaheuristic method is 

a significant challenge. This paper introduces the Hundredth 

Monkey Effect as a new metaheuristic approach focusing on 

enhancing speed and convergence efficiency in solving 

optimization problems, specifically the Least Squares 

Minimization Problem. Simulations show that the Hundredth 

Monkey Effect algorithm outperforms Genetic Algorithms 

(GA), Simulated Annealing (SA), and Bee Colony Optimization 

(BCO) in terms of rapid convergence. This substantial 

improvement in both speed and convergence underscores the 

practicality and efficiency of the Hundredth Monkey Effect in 

addressing complex, time-sensitive optimization problems. 

Keywords— Hundredth Monkey Effect, Optimization, Meta-

Heuristic, Algorithms, Machine learning .  

I. INTRODUCTION 

In today’s rapidly evolving world, where technologies 

such as the Internet of Things (IoT), the Internet of Vehicles 

(IoV), and blockchain are reshaping the digital landscape, 

computational complexity and optimization challenges are 

continuously increasing [1][2]. Among these technologies, 

blockchain plays a crucial role in ensuring security, 

transparency, and trust across decentralized IoT and IoV 

networks, further intensifying the demand for efficient 

optimization methods  [3][4]. The quest for efficient, optimal 

solutions has become a fundamental necessity across domains 

such as engineering, computer science, mathematics, and 

economics to ensure secure communication, intelligent 

decision-making, and trustworthy data management across 

interconnected systems  [5][6]. These problems often involve 

vast search spaces and many possible solutions, making their 

optimal solution through precise analytical methods 

impractical due to time and computational resource 

constraints  [7]. In this context, the emergence of metaheuristic 

algorithms is crucial, providing highly effective tools to 

address such challenges and keep us informed and up-to-date 

with the latest developments [8]. 
Metaheuristic algorithms, unlike traditional exact 

methods, are inspired by natural phenomena and collective 
behaviors of living organisms[9][10]. These algorithms draw 
from natural patterns, such as Darwinian evolution, collective 
bird or fish migration, the foraging behavior of bees, and even 
physical processes like SA[11]. For instance, the GA mimics 
biological evolution principles such as natural selection and 
mutation to improve a population of candidate solutions 

iteratively, moving closer to an optimal solution[12]. 
Similarly, Particle Swarm Optimization (PSO), inspired by 
the flocking behavior of birds, attempts to find optimal 
solutions through collaboration and interaction among 
multiple particles, mimicking group dynamics in nature[13]. 
Their adaptability to various problem domains and practicality 
in real-world applications reassure us of their effectiveness in 
solving complex problems, instilling confidence in their use 
[14]. 

One of the key advantages of metaheuristic algorithms is 
their ability to provide acceptable solutions without the need 
for an exhaustive search of the entire solution space[15]. By 
employing local and global search techniques and leveraging 
information gathered from multiple iterations, these 
algorithms progressively explore the problem space and 
converge toward optimal or near-optimal solutions[16]. In the 
case of NP (Nondeterministic Polynomial time) problems, 
where finding an exact solution can be highly time-
consuming, these algorithms are an efficient alternative to 
traditional methods due to their speed and adaptability[17]. 

Applying meta-heuristic algorithms spans various 
industries and domains, from optimizing complex network 
designs to enhancing system performance. These algorithms 
have become indispensable tools, inspiring organizations and 
researchers to achieve their objectives more efficiently[18]. 

However, one of the significant challenges in employing 
these algorithms is the time-consuming nature of their search 
process[19]. Due to the computational complexity and the 
large volume of data involved, executing these algorithms can 
be time-intensive, particularly in real-time applications or 
when computational resources are limited. Thus, developing 
high-speed metaheuristic algorithms that can be effectively 
applied in time-sensitive scenarios has become crucial[20]. 

Exploring high-speed metaheuristic methods addresses the 
issue of computational delay and opens up new opportunities 
for applying these algorithms in real-time optimization 
problems[21]. Therefore, the need for innovation and 
advancement in the design of fast and efficient metaheuristic 
algorithms remains one of the most pressing challenges in 
optimization[22]. 

A. Contribution 

The Hundredth Monkey Effect can inspire the design of a 

new metaheuristic algorithm where optimal behavior 

gradually spreads from a small group to the entire population. 

This effect illustrates a process in which a behavior or 
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knowledge, once reaching a "critical point," rapidly 

disseminates in the whole population. Drawing from this 

concept, we have developed the Hundredth Monkey Effect 

algorithm, which was then applied to the Least Squares 

Minimization problem and compared with similar 

algorithms. By leveraging the rapid spread of behavior or 

knowledge once a critical threshold is reached, this algorithm 

can find solutions more quickly. 

B. Paper organization  

The remainder of the paper is structured as follows: 

Section Two outlines the problem statement, Section Three 

introduces the Hundredth Monkey Effect, and Section Four 

presents the simulation results. The paper concludes with a 

final summary and conclusions. 

II. PROBLEM STATEMENT  

A. Least Squares Minimization 

The Least Squares Minimization Problem is a fundamental 

mathematical approach widely used across fields such as 

statistics, machine learning, and engineering to approximate 

solutions to overdetermined systems.[23] In essence, it is a 

method for minimizing the sum of the squares of the residuals, 

the differences between observed and calculated values of a 

model[24]. The goal is to find the optimal solution by reducing 

the error between the predicted outcomes and the actual data 

points. Mathematically, the least squares problem can be 

defined as follows:  

Given a set of observations 

(𝑋1, 𝑌1), (𝑋2, 𝑌2), . . … , (𝑋𝑛, 𝑌𝑛) and a model 𝑦 = 𝑓(𝑥; 𝜃), 
where 𝜃represents the parameters to be estimated, the least 

squares solution seeks to minimize the objective function Eq 

(1). 

𝜃𝑚𝑖𝑛𝑖 = ∑ (𝑦𝑖 − 𝑓(𝑥𝑖; 𝜃))2

𝑛

𝑖=0

          (1) 

In matrix form, if we consider a system 𝐴𝑥 = 𝑏, where 𝐴 

is an 𝑚 × 𝑛 times matrix, 𝑥 is a vector of unknowns and 𝑏 is 

a vector of observations, the least squares solution is the vector 

𝑥that minimizes the Euclidean norm of 𝑡ℎ𝑒 𝑟 = 𝐴𝑥 − 𝑏. This 

can be expressed as Eq 2. 

 𝑥
𝑚𝑖𝑛 ∥ 𝐴𝑥 − 𝑏 ∥2              (2) 

B. Challenges in Least Squares Minimization 

Despite its wide applicability, the least squares 

minimization problem often faces several challenges, 

particularly when dealing with large datasets, non-linear 

models, or ill-conditioned systems where small changes in the 

data can lead to significant variations in the solution. These 

issues often necessitate the development of robust algorithms 

that can efficiently converge to an optimal solution[25]. 

Classical methods such as Gaussian elimination, QR 

decomposition, and SVD (Singular Value Decomposition) are 

commonly used to solve linear least-squares problems. 

However, these methods can become computationally 

expensive and prone to local minima when dealing with 

complex, non-linear, or high-dimensional problems. 

C. Need for Meta-Heuristic Approaches 

Given the limitations of traditional optimization 

techniques for handling non-convex, non-linear, or large-scale 

least-squares minimization problems, meta-heuristic 

algorithms have emerged as powerful alternatives. Meta-

heuristics, such as GA, particle swarm optimization (PSO), 

and ant colony optimization (ACO), offer more flexible, 

adaptive search strategies to explore the solution space 

effectively[26]. 

By utilizing global search techniques, meta-heuristic 

methods can overcome the pitfalls of local minima and are 

particularly suited for high-dimensional problems where 

classical methods struggle. This lays the foundation for novel 

optimization frameworks, such as the Hundredth Monkey 

Effect Algorithm, to address these challenges in the least-

squares minimization domain. 

III. HUNDREDTH MONKEY EFFECT 

The Hundredth Monkey Effect refers to an observation of 

social behavior among Japanese macaques on the island of 

Koshima in the 1950s. In these studies, one monkey 

developed a novel method of washing sweet potatoes in water 

before consuming them. Only a few other monkeys initially 

imitated this behavior, but gradually, it spread among the 

broader population of monkeys. 

This observation is often described in such a way that 

after a certain number of monkeys learned the behavior 

(commonly referred to as the "hundredth monkey"), the 

behavior suddenly spread rapidly among the remaining 

monkeys, even on neighboring islands where there was no 

direct contact with the original group. This theory explains 

how a behavior or idea can spread rapidly after reaching a 

"critical mass" within a community. 

The theory has faced criticism due to the need for strong 

scientific evidence. Many scientists believe this phenomenon 

can be easily explained by natural social learning and does 

not require the hypothesis of "collective consciousness" or 

some form of abnormal communication. Additionally, claims 

about the spread of the behavior to other islands have not 

been substantiated. 

Despite being scientifically questioned, the theory has 

gained popularity in public culture and fields such as 

psychology and sociology, symbolizing how sudden changes 

occur after reaching a critical threshold or undergoing a 

significant transformation. The Hundredth Monkey Effect is 

considered more of a metaphor than a scientific fact, 

illustrating that social changes can spread rapidly once a 

certain threshold is reached. 

 

A. The Meta-Heuristic Algorithm Inspired by the 

Hundredth Monkey Effect 

The Hundredth Monkey Effect can inspire the design of a 

novel meta-heuristic algorithm in which optimal behavior 

gradually spreads from a small group to the entire population. 

The Hundredth Monkey Effect demonstrates a process in 

which a behavior or knowledge spreads rapidly among the 
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entire population after reaching a "critical point." This 

concept can be applied to model collective learning and 

evolution in meta-heuristic algorithms. 

 

B. General Structure of the Proposed Algorithm: 

 

1. Initial Population: The initial population consists 

of random solutions representing an individual or 

agent. 

 

2. Knowledge Dissemination: In the early stages, 

each agent independently attempts to improve based 

on the objective function. Only a limited number of 

agents initially achieve optimal behavior, known as 

the "early monkeys." 

 

3. Critical Point: Once a certain number of agents (for 

instance, the hundredth agent) reach a desirable 

level of optimality, the algorithm enters a new 

phase. In this stage, optimal knowledge is shared 

collectively among all agents, moving beyond local 

optimization. 

 

4. Collective Behavior Transmission: After reaching 

the critical point, the optimal information or 

behavior spreads across the entire population, 

allowing other agents to utilize this knowledge to 

improve their search processes. 

 

5. Global Optimization: The population moves 

toward convergence to an optimal solution 

following the collective knowledge transfer. 

However, some agents continue exploring other 

areas of the search space to avoid getting trapped in 

local optima. 

C. Algorithm Steps 

 

1. Population Initialization: Generate a set of random 

initial solutions. 

 

2. Solution Evaluation: Each solution is evaluated 

and scored based on the objective function. 

 

3. Gradual Improvement: Solutions are improved 

through various methods, such as mutation, 

crossover, or refinement. 

 

4. Critical Point: Knowledge is transferred 

collectively after achieving a certain number of 

optimal solutions. 

 

5. Utilization of Collective Knowledge: The 

population generates further improvements using 

the shared knowledge. 

 

6. Termination: The algorithm terminates after 

meeting specific criteria, such as a fixed number of 

iterations or the absence of further improvements. 

 

 

Figure 1 shows the pseudo-code for the Hundredth Monkey 

Effect. 

 

Fig1.Pseudo-code Hundredth Monkey Effect. 

IV. SIMULATION  

The simulations were conducted on a Dell E6430 laptop 

featuring an Intel Core i7 processor, a high-performance 

component capable of easily handling complex 

computational tasks. The system's 8GB of RAM further 

contributed to efficient multitasking and the smooth 

execution of large-scale applications. 

MATLAB 2013 was utilized for the simulations due to its 

comprehensive suite of tools and libraries for numerical 

analysis, matrix computations, data processing, and system 

simulation. MATLAB's versatility made it an optimal choice 

for executing the research tasks effectively. 

The Hundredth Monkey Effect Meta-Heuristic Algorithm 

step1. Initialize parameters: 

   - population size: Number of individuals in the population 

   - max_iterations: Maximum number of iterations 

   - knowledge_threshold: Threshold to trigger knowledge 

sharing 

   - threshold value: Value at which optimization is considered 

complete 

 

Step2. Generate the initial population randomly. 

 

Step3. Evaluate the objective function for each individual in the 

population. 

 

Step4. Store the best solution (elite solution) from the initial 

population. 

 

Step5. Begin iteration loop (for iteration = 1 to max_iterations): 

 

   5.1 For each individual in the population: 

       - Generate a new solution by adding random noise. 

       - Evaluate the objective function for the new solution. 

       - If the new solution is better, replace the current solution 

with the new one. 

 

   5.2 Store the best fitness value at this iteration. 

 

   5.3 Update the elite_solution based on the current population. 

 

   5.4 For each individual in the population: 

       - Move each individual closer to the elite_solution by 

updating it as: 

         population(i) = 0.9 * population(i) + 0.1 * elite_solution. 

   5.5 If the number of individuals with fitness below the 

threshold_value exceeds the knowledge_threshold and 

knowledge has not been shared: 

       - Share knowledge across the population by updating as: 

         population(i) = 0.8 * population(i) + 0.2 * elite_solution. 

       - Mark knowledge_shared as true. 

Step6. End iteration loop. 

Step7. Output the final elite_solution as the best-found solution. 
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A. Parameter settings 

Table 1 presents the parameter settings of the 

optimization algorithms used in this study. These parameters 

were uniformly applied across all algorithms to ensure 

accurate and fair simulations and comparisons. The selected 

settings were used to evaluate and analyze the performance 

of the proposed method compared to other existing methods. 

 

Table 1 Parameter Settings. 

Algorithm Parameter Value 

Hundredth 

Monkey Effect 

knowledge_threshold 10 

Threshold_value 

 
1e-35 

Genetic 
Mutation 0.8 

Crossover 0.2 

Simulated 

Annealing 

finalTemp 1e-3 

Alpha 0.95 

Bee Colony 

limit 50 

LB -5 

UB 5 

 

B. Simulation result  

The simulation results are presented in four figures. 

Figure 2 corresponds to the Hundredth Monkey Effect 

algorithm, Figure 3 represents the GA, Figure 4 shows the 

performance of the SA algorithm, and Figure 5 illustrates the 

BCO algorithm.  These results reveal that the Hundredth 

Monkey Effect algorithm demonstrates superior convergence 

performance in solving the Least Squares Minimization 

Problem compared to the other algorithms. Each algorithm 

was allowed 200 iterations, with the Hundredth Monkey 

Effect algorithm in Figure 1 reaching optimal convergence 

more quickly. Following the Hundredth Monkey Effect, 

Figure 2 GA shows the best performance, converging faster 

than the other methods. Figure 4 (BCO) ranks third, and 

finally, Figure 3 (SA) demonstrates the slowest convergence. 

This performance comparison confirms that the proposed 

Hundredth Monkey Effect method converges faster, 

particularly with fewer iterations, making it more effective 

for solving the Least Squares Minimization Problem.  

 

Fig2. Hundredth Monkey Effect. 

 

Fig3. Genetic Algorithm. 

 

Fig4. Simulated Annealing. 

 

Fig 5. Bee Colony. 
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V. CONCLUSION  

This paper introduces the Hundredth Monkey Effect 

algorithm as a novel metaheuristic framework for enhancing 

convergence speed and optimization efficiency, particularly 

for solving the Least Squares Minimization Problem. 

Comprehensive simulation results reveal that the proposed 

algorithm exhibits superior convergence behavior compared 

to classical approaches, including the GA, SA, and BCO. The 

proposed algorithm consistently achieves optimal or near-

optimal solutions with fewer iterations and lower 

computational cost, underscoring its robustness and 

efficiency in addressing complex, large-scale, and time-

sensitive optimization problems. Furthermore, the adaptive 

learning strategy embedded within the popose algorithm 

effectively balances exploration and exploitation, enabling it 

to escape local optima and sustain a strong global search 

capability. Owing to these characteristics, the proposed 

algorithm demonstrates considerable potential as a powerful 

and scalable optimization tool for a wide range of real-world 

engineering, computational intelligence, and data-driven 

applications. 
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