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Abstract—This paper proposes a metaheuristic optimization
algorithm based on classical dance, namely the Classical Dance
Metaheuristic (CDMH). The algorithm combines the core
elements of ballet, Indian classical dance and Chinese classical
dance with modern optimization techniques, providing a new
approach to high-dimensional optimization problems. The
CDMH algorithm optimizes the search process through three
stages of simulation: the posture training stage in ballet, the
rhythm and mudra exploration stage in Indian classical dance,
and the integration stage of body, rhythm and artistic
conception in Chinese classical dance. Experimental results
show that CDMH shows good optimization ability in multiple
classic optimization problems and can effectively avoid the
dilemma of local optimal solutions.
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l. INTRODUCTION

With the rapid development of intelligent algorithms,
metaheuristic algorithms, as an innovative solution method,
have shown their unique advantages in dealing with complex
optimization problems. It allows flexible and effective
exploration of possible solutions in a large and complex
search space to find the global optimum. Therefore, it is
widely used in various fields such as machine learning, data
mining, and engineering design. The main advantage of this
type of algorithm is that it overcomes the limitations of
traditional optimization methods and avoids the dilemma of
falling into local optimality, especially when facing large-
scale, high-dimensional and complex problems. Despite this,
traditional optimization methods still achieve good results for
some problems, and their algorithmic mechanisms perform
relatively well in some optimization tasks with structural
constraints. However, in general, they have problems such as
being prone to falling into local optimality and limited
scalability. Therefore, how to balance the accuracy and
efficiency of the algorithm and how to avoid the limitations
of traditional methods in the process of solving optimization
problems have become important research topics. In this
context, metaheuristic algorithms have attracted the attention
of researchers due to their unique global search capabilities
and adaptability under multi-constraint conditions, especially
when dealing with complex, dynamic and large-scale
problems [1]-[25].

Metaheuristic algorithms are flexible enough to find good
solutions in multiple fields and can also handle complex

constraints of different problems through their adaptation
mechanisms. In addition, by combining multiple strategies,
we can achieve a balance between local and global search and
avoid premature convergence. With the improvement of
computing power, many new variants and optimization
strategies continue to emerge, the performance of
metaheuristic algorithms continues to improve, and the field
continues to develop actively. Among these changes, some
algorithms are based on simulating natural phenomena, while
others draw on ideas from fields such as biology, sociology,
and art to create new heuristic methods. Through
interdisciplinary integration and innovation, metaheuristic
algorithms have gradually demonstrated powerful problem-
solving capabilities and become a powerful tool for solving
complex problems [26]-[56].

To solve this complex situation, this paper proposes a new
metaheuristic optimization algorithm, namely the classical
dance metaheuristic (CDMH), which combines elements of
classical dance. The algorithm not only starts from the
traditional mathematical model, but also draws on the unique
artistic form and training methods of classical dance, absorbs
its essence and precision, and forms an artistic and efficient
optimization process. The CDMH algorithm combines three
dance elements: ballet, Indian classical dance, and Chinese
classical dance. It transforms the characteristics of these
elements into the key steps of the optimization algorithm,
aiming to ensure the global search capability of the algorithm
while improving the elegance and efficiency of the solution
process. The CDMH algorithm aims to combine the artistry
of dance with the rationality of optimization to provide novel
solutions to complex optimization problems. This is
innovative and can effectively improve the efficiency of
solutions in practical applications.

1. INSPIRATION AND DESIGN IDEAS OF THE CDMH
ALGORITHM

The design ideas of the CDMH algorithm are derived
from the dance training and performance of classical dance
art, especially ballet, Indian classical dance, and Chinese
classical dance. Each dance form has its own training mode
and performance style, but they all emphasize the precision,
rhythm and coordination of movements, as well as the
internal and external discipline in the performance [57]-[65].
In this paper, we analyze these dance forms in detail and
propose to transform their core ideas into three main stages
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of the optimization process: solution construction, local
search perturbation, and global optimization stabilization
adjustment.

A. Ballet (Corrective Posture, Basic Skills Training)

Ballet emphasizes the precision of movements and the
symmetry of postures. Through a lot of basic training,
dancers have mastered extremely perfect body control and
precision of movements. In this stage, the CDMH algorithm
imitates the training method of ballet and optimizes the
structure and form of the solution, aiming to ensure the
balance and symmetry of the solution. In this process, the
algorithm adjusts the overall orientation and initial position
of the solution by optimizing the "pose" to ensure the stability
of the optimization process and the initial quality of the
solution. The optimization results of this stage lay the
foundation for the subsequent search process, allowing us to
explore solutions from a good starting point.

B. Indian Classical Dance (Rhythm, Gesture,
Coordination)

Indian classical dance emphasizes the harmony of rhythm
and gesture. Dancers express their inner feelings and stories
through precise rhythm control and rich gesture changes. In
the second stage of CDMH, the algorithm imitates the rhythm
of Indian dance and changes its gestures and positions in the
solution space to explore more possible solutions. In this
stage, the algorithm tries to find potential solutions to the
problem by perturbing the solution space and speeding up the
search for solutions by changing the rhythm. The main goal
of this stage is to quickly break through the local optimum
through local search and expand to a larger solution space.

C. Chinese Classical Dance (Body Rhythm, Rotation,
Breathing)

Chinese classical dance emphasizes the unity of "form,
spirit, and rhythm", and emphasizes the integration of the
fluency of movements and the sense of rhythm. In this stage,
CDMH adjusts the global and local dynamics of the solution
by introducing flexible control mechanisms such as simulated
annealing to simulate the breathing and turning skills of
dance. In this way, the algorithm gradually adjusts the
stability and elegance of the solution during the search
process, ensuring that the quality of the solution during the
search process is stably close to the global optimal solution,
and through reasonable transformation and adjustment, the
overall elegance of the final solution is improved. The central
idea of this stage is to adjust the global optimization strategy
so that the algorithm remains stable throughout the search
process and avoids excessive local optimization.

Through the above three-stage design, the CDMH
algorithm not only embodies the artistry of classical dance,
but also integrates the optimization strategy of the
metaheuristic algorithm, providing an elegant and efficient
solution for complex optimization problems.

I11. CDMH ALGORITHM FRAMEWORK AND WORKING
PRINCIPLE

The core structure of the CDMH algorithm consists of
several modules, covering all steps from initialization, three
optimization stages to evaluation and update. The overall
process aims to effectively explore and optimize the solution

space by simulating the essence of classical dance, and finally
obtain the optimal solution. This process not only guarantees
the calculation process of each stage, but also ensures the
efficiency and elegance of the algorithm in complex search
space through flexible control mechanisms. The specific
steps are as follows:

To better understand the logic behind each stage, the
CDMH algorithm draws metaphorical inspiration from three
classical dances to simulate optimization dynamics. Each
dance style corresponds to a specific optimization strategy,
forming a structure that closely combines artistic
interpretation and parameter-driven mechanisms.

A. Ballet (Posture Correction, Basic Training)

Ballet emphasizes the precision of movements and the
symmetry of postures. Through a lot of basic training,
dancers have mastered extremely perfect body control and
precision of movements. In this stage, the CDMH algorithm
imitates the training method of ballet, aiming to optimize the
structure and shape of the solution to ensure the balance and
symmetry of the solution. In this process, the algorithm
adjusts the overall orientation and initial position of the
solution by optimizing the "pose" to ensure the stability of the
optimization process and the initial quality of the solution.
The optimization results of this stage lay the foundation for
the subsequent search process, making it possible to find a
solution from the right starting point.

B. Indian Classical Dance (Rhythm, Gesture,
Coordination)

Indian classical dance emphasizes the harmony of rhythm
and gesture. Dancers express their inner feelings and stories
through precise rhythm control and rich gestures. In the
second stage of CDMH, the algorithm imitates the rhythm of
Indian dance, changing its gestures and positions in the
solution space to explore more possible solutions. In this
stage, the algorithm tries to find potential solutions to the
problem by perturbing the solution space, changing the
speed, and speeding up the solution search. The main goal of
this stage is to quickly break through the local optimum
through local search and expand to a larger solution space.

C. Chinese Classical Dance (Body Rhythm, Rotation,
Breathing)

Chinese classical dance emphasizes the unity of "form,
spirit, and rhythm", and pays attention to the combination of
the fluency of movements and the sense of rhythm. In this
stage, CDMH introduces flexible control mechanisms such as
simulated annealing to adjust the global and local dynamics
of the solution and simulate the dancer's breathing and
rotation skills. In this way, the algorithm gradually adjusts the
stability and accuracy of the solution during the search
process, so that the quality of the solution during the search
process steadily approaches the global optimal solution, and
through reasonable transformation and adjustment, the
overall accuracy of the final solution is improved. The central
idea of this stage is to adjust the global optimization strategy
so that the algorithm remains stable throughout the search
process and avoids excessive local optimization.

Through the above three-stage design, the CDMH
algorithm not only embodies the artistry of classical dance,
but also integrates the optimization strategy of meta-heuristic
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algorithms, providing an elegant and efficient solution to
complex optimization problems.

D. Initialization Stage

The initialization stage is the starting point of the CDMH
algorithm and lays the foundation for the subsequent
optimization process. First, the algorithm randomly generates
a set of initial solutions. Each solution represents a dance
posture structure, which contains three main vectors: posture
vector, rhythm vector and artistic concept vector. Each
solution corresponds to the skeleton of a potential dance
action, and the combination of these vectors constructs a
preliminary definition of the dance posture, similar to the
basic movements made by dancers when they first learn to
dance.

At this stage, the algorithm also needs to set search space
constraints such as posture range, rhythm range and energy
limit for each dance posture. Pose limits ensure that the shape
of each dance pose does not exceed the specified range of
motion, rhythm limits determine the speed and frequency of
dance movements, and energy constraints ensure that the
algorithm does not over-search during the optimization
process and avoid infeasible solutions.

E. Iterative Optimization Phase

In the iterative optimization phase of the CDMH
algorithm, each iteration contains three core optimization
steps, which simulate the training process of ballet, Indian
classical dance, and Chinese classical dance respectively.
These three phases refine and optimize the solution from
different perspectives, allowing the algorithm to effectively
explore the solution space in multiple dimensions. Each
phase is independent and complementary, working together
to make the solution reach the global optimum.

1) Phase 1: Optimizing Form Constraints

In this phase, the CDMH algorithm ensures the symmetry
and structural optimization of the solution by adjusting the
"pose encoding”. Similar to strict ballet training, pose
adjustment emphasizes the precision and symmetry of the
movement. In this phase, the algorithm adopts a symmetric
loss function and a penalized L2 regularization term, aiming
to reduce redundancy and asymmetry in the solution and
optimize the overall shape of the solution. This process
ensures the elegance and stability of the solution and finds the
best point between symmetry and balance.

2) Phase 2: Rhythm and Gesture Changes in Indian Dance
(Exploring Rhythm)

Rhythm and gesture are the most important elements of
Indian classical dance. Dancers express emotions and
intensity by controlling changes in rhythm and gestures.
Inspired by this art form, the CDMH algorithm introduces a
rhythm perturbation mechanism in this phase to simulate the
changes in the dancer's sense of rhythm through a
combination of beat-type polynomials and random
perturbations. The solutions in the solution space are
constantly shifting and changing, exploring multiple possible
solution paths, just like dancers switching between
movements at different rhythms. This phase not only
facilitates local search, but also simulates rhythm changes

through finite state machines, making the search process
more dynamic and diverse.

3) Phase 3: Deliberate Traffic Control

Chinese classical dance emphasizes the unity of "form,
spirit, and rhyme". Every movement of the dancer contains
profound meaning and rhythm. In the third phase of CDMH,
the algorithm takes advantage of this idea and introduces a
flow mechanism in the simulated annealing algorithm to
adjust the global and local dynamics of the solution. The
algorithm adopts "breathing regulation”. That is, the speed
and direction of the search process are adjusted according to
the current state of the solution, and the balance between
global search and local search is flexibly adjusted to ensure a
smooth transition of the optimization process. In this phase,
we effectively search for solutions globally while fine-tuning
locally to eventually find the optimal solution that satisfies all
constraints.

F. Evaluation and Update

After each iteration, the CDMH algorithm evaluates the
current solution and updates the solution based on the
evaluation results. The evaluation process uses a fusion
scoring function that comprehensively considers gesture
beauty, rhythmic harmony, and emotional energy expression.
The gesture beauty score measures the formal symmetry and
elegance of the solution, the rhythmic harmony score
evaluates the rhythm of the action and the smoothness of
gesture changes in the solution, and the emotional energy is
scored based on the inherent potential and expressiveness of
the solution. The comprehensive evaluation of these three
aspects allows the algorithm to accurately judge the quality
of the solution.

In the update phase, the CDMH algorithm uses an elite
strategy to retain the current optimal solution and avoids
falling into the local optimum through the artistic concept
preservation mechanism. The elite strategy records and saves
the optimal solution in each round of iteration, and uses the
optimal solution after each iteration as the starting point for
the next round of search. The artistic concept preservation
mechanism allows the algorithm to maintain elegance and
stability while pursuing the optimal solution, avoiding over-
optimization or falling into the local optimum.

G. Return to the Optimal Solution

After completing all iterations, the CDMH algorithm
outputs an optimal solution path that is both formally and
psychologically the best solution. The solution represents the
best dance posture structure obtained after three stages of
optimization under complex constraints. It not only meets the
requirements of shape optimization, but also expresses a
precise sense of rhythm and perfect artistic conception. The
solution is not only numerically optimal, but also reflects the
elegance and efficiency of the algorithm in the optimization
process.

Here is an explanation of the ballet phase in pseudocode:
Mathematically speaking, the "posture” of this phase
corresponds to the vector update strategy of the structural
parameters of the solution. Specifically, the algorithm uses a
symmetric forced loss function and L2 regularization to
adjust the direction and position vectors of the solution to
achieve a balanced, stable update. This corresponds to
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controlling the shape vector of the solution to maintain
structural balance in the solution space.

Pseudocode of Algorithm CDMH:
Input:

- Objective function f(x)

- Number of agents N

- Number of iterations T

- Search space boundaries [xmin, xmax]
Output:

- Best solution x_best

1. Initialization:
For each agent i € {1, ..., N} do:
Randomly initialize posture_vector[i],
rhythm_vector[i], concept_vector[i]
Combine as solution x[i]
Constrain x[i] within [xmin, xmax]
EndFor
Evaluate all x[i], record best x_best

2. Iterative Optimization (fort=1to T):
For each agent i € {1, ..., N} do:

### Phase 1: Ballet Stage - Posture Optimization

- Apply symmetry_loss(x[i]) +
L2_regularization(x[i])

- Adjust posture_vector[i] to enhance balance and
symmetry

- x[i] < PoseAdjusted(x[i])

### Phase 2: Indian Classical Dance Stage -
Rhythm Exploration

- Perturb rhythm_vector([i] with rhythmic
polynomial & noise

- Use rhythm_FSM (finite state machine) to
guide changes

- x[i] « x[i] + RhythmPerturbation(x[i])

### Phase 3: Chinese Dance Stage - Global-
Local Flow (Simulated Annealing)

- Compute Af = f(x[i]) - f(x_best)

- If Af< 0 or exp(-Af/ T) > random(0,1): #
Breathing control

Accept new x[i] with higher probability

- Adjust step size via "breathing" strategy:
flow_rate(t)

- x[i] « x[i] + BreathingFlow(x[i], t)

### Evaluate and Update

- Evaluate new f(x[i])

- If f(x[i]) < f(x_best): update x_best « x[i]
EndFor

#i## Artistic Preservation and Elite Strategy

- Keep best k solutions from previous generation

- Avoid replacing them unless new score is
significantly better

3. Return x_best

Indian classical dance stage explanation: The "rhythm"
and "gesture" of this phase directly correspond to the step size
and perturbation control during the solution search process.
By dynamically adjusting the step size using a rhythmic

perturbation mechanism  (modeled with  beat-type
polynomials and random noise), the algorithm explores a
larger solution space and simulates a wider variety of solution
trajectories. This means adaptively updating the size and
direction of the solution vector to achieve efficient local
search and escape from the local optimum.

Chinese classical dance performance explanation: The
"breathing" and "rotation™ techniques here correspond to the
global and local dynamic adjustment mechanisms in the
simulated annealing framework. The algorithm controls the
temperature and acceptance probability vectors to gradually
adjust the intensity and direction of the search. This ensures
a smooth balance between exploration and exploitation, and
stabilizes convergence to the global optimum by controlling
the transition dynamics of the solution vector.

I\V. DETAILED DESCRIPTION OF THE CORE MODULES OF
THE CDMH ALGORITHM

The three core modules of the CDMH algorithm target
different elements of dance art, combining mathematical
modeling with artistic expression to ensure the accuracy and
elegance of the optimization process.

A. Form Constraints

Inspired by ballet posture control, CDMH combines a
symmetric loss function with an L2 regularization term to
ensure the symmetry and balance of the solution. During the
optimization process, the module continuously adjusts the
geometry of the solution to ensure the accuracy and stability
of the dance structure.

B. Rhythm Changes

Inspired by the rhythm changes in Indian classical dance,
CDMH simulates the rhythm changes in dancers' movements
through a combination of beat-type polynomials and random
perturbation mechanisms. This module helps the algorithm to
conduct richer and more diverse searches in the solution
space and explore more potential solution paths.

C. Intentional Flow

CDMH is based on the concept of body rhythm in Chinese
dance, and controls the balance between global and local
search solutions by introducing a flow mechanism in the
simulated annealing algorithm. This module flexibly adjusts
the optimization process according to the state of the solution
through "breathing regulation” to ensure a smooth and
elegant search process.

V. EXPERIMENT AND RESULT ANALYSIS

A. Experimental Setting

This paper uses five common optimization objective
functions for testing: quadratic function, Rastrigin function,
Ackley function, Rosenbrock function, and Griewank
function. Five hundred independent experiments were
conducted for each objective function, and the average results
and convergence time were calculated.

In this study, the Python code used by the researchers
for the experiment is as follows:

import numpy as np

import random
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import math
import matplotlib.pyplot as plt
import time

# [V Three Objective Functions
def quadratic(x, y):
return X**2 + y**2

def rastrigin(x, y):
A=10
return A * 2 + (X**2 - A * np.cos(2 * np.pi * x))
+ (y**2 - A * np.cos(2 * np.pi *y))

def ackley(x, y):
return -20 * np.exp(-0.2 * np.sqrt(0.5*(x**2 +
y**2))) - np.exp(0.5*(np.cos(2*np.pi*x) +
np.cos(2*np.pi*y))) + np.e + 20

# Rosenbrock Function (newly added)
def rosenbrock(X, y):
return (1 - X)**2 + 100 * (y - x**2)**2

# (] Griewank Function (newly added)
def griewank(x, y):
return 1 + (x**2 + y**2) / 4000 - np.cos(x) *
np.cos(y / np.sqrt(2))

# (] CDMH Algorithm
def CDMH(obj_func, n_iter=100, n_agents=10):
positions = np.random.uniform(-10, 10,
size=(n_agents, 2))
best_position = None
best_score = float('inf")
score_trace =]

for t in range(n_iter):
for i in range(n_agents):
X, y = positions[i]
X -=0.01*x * (1 + np.sin(t/10))
y-=0.01*y * (1 + np.cos(t/10))

if random.random() < 0.5:
X += random.choice([-1, 1]) *
np.random.normal(0, 0.3)
if random.random() < 0.5:
y += random.choice([-1, 1]) *
np.random.normal(0, 0.3)

alpha = np.exp(-t / n_iter)
X += alpha * np.sin(t + i)
y += alpha * np.cos(t + i)

score = obj_func(x, y)
if score < best_score:
best_score = score
best_position = (X, y)
positions[i] = [, y]
score_trace.append(best_score)
return best_score, best_paosition, score_trace

# [V PSO
def PSO(obj_func, n_iter=100, n_agents=10):
positions =  np.random.uniform(-10, 10,

(n_agents, 2))
velocities = np.zeros((n_agents, 2))
pbest = positions.copy()
pbest_scores = np.array([obj_func(*p) for p in
positions])
gbest = pbest[np.argmin(pbest_scores)]
score_trace =]

for tin range(n_iter):
for i in range(n_agents):
r1, r2 = np.random.rand(), np.random.rand()
velocities[i] = (0.5 * velocities[i] +
1.5 * r1 * (pbest][i] - positions]i])

1.5 * r2 * (gbest - positions[i]))
positions[i] += velocities]i]
score = obj_func(*positionsJi])
if score < pbest_scores[i]:
pbest_scores[i] = score
pbest[i] = positions]i]
gbest = pbest[np.argmin(pbest_scores)]
score_trace.append(obj_func(*gbest))
return obj_func(*gbest), gbest, score_trace

# (V) SA

def SA(obj_func, n_iter=100):
current = np.random.uniform(-10, 10, size=2)
best = current
best_score = obj_func(*current)

T=10
T _min=0.001
alpha =0.95

score_trace =]

for tin range(n_iter):
new = current + np.random.normal(0, 1,
size=2)
delta = obj_func(*new) - obj_func(*current)
if delta < 0 or npexp(-delta / T) >
np.random.rand():
current = new
if obj_func(*current) < best_score:
best_score = obj_func(*current)
best = current
T *=alpha
score_trace.append(best_score)
return best_score, best, score_trace

# M GA
def GA(obj_func, n_iter=100, n_agents=10):
population = np.random.uniform(-10, 10,

size=(n_agents, 2))
score_trace =]

def crossover(pl, p2):
return (pl + p2) /2

def mutate(child, rate=0.1):
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if np.random.rand() < rate:
child += np.random.normal(0, 0.5, size=2)
return child

for t in range(n_iter):
scores = np.array([obj_func(*ind) for ind in
population])
best_idx = np.argmin(scores)
best_score = scores[best_idx]
best_individual = population[best_idx]
score_trace.append(best_score)

selected =
population[np.argsort(scores)[:n_agents//2]]
children =]

for _in range(n_agents - len(selected)):
pl, p2 = random.sample(list(selected), 2)
child = crossover(pl, p2)
child = mutate(child)
children.append(child)

population = np.vstack([selected, children])

return best_score, best_individual, score_trace

# () Unified Test Entry
algorithms = {
"CDMH": CDMH,
"PSO": PSO,
"SA": SA,
"GA": GA
}

functions = {
"Quadratic": quadratic,
"Rastrigin": rastrigin,
"Ackley": ackley,
"Rosenbrock™: rosenbrock,
"Griewank": griewank

}

# () Run All Combinations and Calculate Averages
for func_name, func in functions.items():
print(f"\n @ Objective Function: {func_name}")
plt.figure(figsize=(10, 6))

# Store results for each algorithm
all_algo_traces = {algo_name: [] for algo_name
in algorithms.keys()}

for algo_name, algo_func in algorithms.items():
avg_result=0
avg_trace = np.zeros(100)
avg_time=0
# Run 500 experiments
for _ in range(500):
start_time = time.time()
result, position, trace = algo_func(func)
avg_result +=result
avg_trace += np.array(trace)
avg_time += (time.time() - start_time)

avg_result /=500
avg_trace /=500
avg_time /=500

print(f*{algo_name:<5} Avg Result:
{avg_result:.4f}, Time: {avg_time:.2f}s")
all_algo_traces[algo_name] = avg_trace

# Plot convergence curves
plt.plot(all_algo_traces[algo_name],
label=f"{algo_name}")

plt.title(f*"Convergence on {func_name} Function
(Average of 500 runs)")
plt.xlabel("Iterations")
plt.ylabel("Best Score™)
plt.grid(True)
plt.legend()
plt.tight_layout()
plt.show()

B. Experimental Results

The following is the output of the Python code used by
the researchers for the experiment:

@, Objective Function: Quadratic

CDMH Avg Result: 0.2305, Time: 0.01s

PSO Avg Result: 0.0000, Time: 0.02s

SA  Avg Result: 0.0290, Time: 0.00s

GA Avg Result: 0.0182, Time: 0.01s

@, Objective Function: Rastrigin
CDMH Avg Result: 2.2704, Time: 0.02s
PSO Avg Result: 1.6380, Time: 0.03s
SA  Avg Result: 4.9066, Time: 0.00s
GA Avg Result: 4.1570, Time: 0.03s

@, Objective Function: Ackley

CDMH Avg Result: 1.7774, Time: 0.02s
PSO Avg Result: 0.1353, Time: 0.02s
SA  Avg Result: 1.2958, Time: 0.00s
GA Avg Result: 1.0898, Time: 0.02s

@, Objective Function: Rosenbrock
CDMH Avg Result: 0.9961, Time: 0.02s
PSO Avg Result: 0.2505, Time: 0.02s
SA  Avg Result: 3.1408, Time: 0.00s
GA Avg Result: 5.1189, Time: 0.01s

@, Objective Function: Griewank
CDMH Avg Result: 0.0091, Time: 0.02s
PSO Avg Result: 0.0151, Time: 0.03s
SA  Avg Result: 0.0324, Time: 0.00s
GA Avg Result: 0.0113, Time: 0.02s

C. Experimental Results Analysis

The ClassicalDance-Metaheuristic algorithm shows good
stability and competitiveness in multiple classic objective
function tests. Although CDMH is not the best algorithm for
quadratic function (a simple convex optimization problem),
itis able to obtain a near-optimal solution in a very short time,
proving the robustness of the underlying search function. For
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the more challenging Rastrigin function, CDMH outperforms
SA and GA. Although its performance is slightly inferior to
PSO, it has stable performance, strong global search
capabilities in multi-peak functions, and is not easy to fall
into local optimality.

CDMH can obtain reasonable solutions even for Ackley
functions (complex functions with multiple local minima),
showing a certain ability to escape from local optimality. For
Rosenbrock functions, CDMH performs significantly better
than SA and GA. Although it is not as good as PSO, it is much
more stable than the other two algorithms and performs well
when dealing with narrow and long search spaces.

It can be seen that for the Griewank function, the CDMH
algorithm gives the best results among all algorithms, and has
obvious advantages for such slow-changing functions with
multiple extreme values. The advantages of CDMH can be
summarized as follows. Powerful global search ability: It has
powerful search capabilities, especially for multi-peak
functions such as Rastrigin and Griewank, and is not easy to
fall into local optimality. Stable results: The performance of
each objective function changes little, which is suitable for
optimization tasks with high stability requirements.

Reasonable execution time: A good solution can be
obtained without sacrificing too much speed. In other words,
the algorithm strikes a good balance between search
efficiency and accuracy. Adaptable to a variety of function
types: Whether it is a convex optimization function (such as
Quadratic), a multi-peak function (such as Ackley, Rastrigin)
or a complex path function (such as Rosenbrock), CDMH
performs well and shows good generalization ability. In
summary, CDMH is a general and stable meta-heuristic
algorithm, which outperforms mainstream algorithms for
some complex features. It is suitable for various optimization
tasks.

VI. CONCLUSION AND OUTLOOK

The CDMH algorithm imitates the learning process of
classical dance, introduces artistic heuristic elements on the
basis of traditional optimization algorithms, and provides
new optimization ideas. Experimental results show that the
CDMH algorithm performs well on several standard test
functions, especially in terms of global optimization and
convergence speed. Future research may further expand the
scope of application of the algorithm and explore its potential
in fields such as machine learning, creative generation, and
artificial intelligence action learning.
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