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Abstract. To address the problems of traditional swarm intelligence algorithms,
such as reliance on gradient or gradient-like information, conservative dynamic
structures, and susceptibility to local optima, this paper proposes a rainbow
trout optimization algorithm based on non-conservative induced flow field,
curvature refraction modulation, topological backflow memory, entropy-driven
splitting, and energy conservation violation mechanisms. This algorithm, from
the perspective of fluid dynamics and non-equilibrium statistical physics, treats
the objective function as the source term of the induced flow field. By
introducing an antisymmetric curl coupling matrix, a non-conservative dynamic
system is constructed, enabling the search trajectory to maintain a downward
trend while possessing flow-around capability. Furthermore, a curvature
refraction tensor is constructed to achieve anisotropic step-size modulation, and
a continuous backflow kernel replaces the traditional skip-memory strategy.
The algorithm as a whole adopts a second-order dynamic structure and
combines swarm entropy and system energy evolution laws to achieve adaptive
splitting and energy injection. Theoretical analysis shows that this method
belongs to a dissipative non-equilibrium system at the dynamic system level,
possessing stronger global exploration capabilities and structural representation
capabilities. Finally, the algorithm's complexity and stability are analyzed to
demonstrate its potential advantages in high-dimensional complex optimization
problems.

Keywords: Rainbow trout optimization algorithm; non-conservative flow field;
vortex coupling; curvature refraction; topological recirculation.

I. Introduction

In continuous space optimization problems, the objective function is usually defined
on the d-th power of a high-dimensional Euclidean space R. Its function shape often
exhibits high non-convexity, multiple local extrema, and complex curvature
distribution structures. Especially in high-dimensional cases, the isosurface of the
function may exhibit strong anisotropy, meaning the function changes drastically in
some directions while remaining relatively flat in others. This complex structure leads
to many challenges for traditional optimization methods in practical applications [1-
47].
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Classical gradient-based optimization methods essentially construct a conservative
dynamical system. Its basic form is:

x(t+1) equals x(t) minus eta multiplied by the gradient f(x(t)).

This form can be viewed as a descent motion in the potential field induced by the
objective function f. Since the gradient field satisfies zero curl, the flow field is a
conservative field. An important property of a conservative field is that its path
integral is independent of the path, and the system's trajectory will eventually
converge to a stable equilibrium point. For non-convex functions, this equilibrium
point may only be a local minimum rather than a global optimum. While the local
optima problem can be mitigated to some extent by introducing random perturbations,
momentum terms, or adaptive step-size mechanisms, as long as the basic structure
remains dominated by the negative gradient, the overall dynamical system retains an
approximately conservative structure. In other words, the search trajectory
macroscopically still evolves monotonically along the direction of decreasing
potential energy, lacking the ability to overcome potential barriers and move around
currents.

Swarm intelligence algorithms, starting from group cooperation and randomness,
alleviate the problem of single trajectories getting trapped in local optima through the
cooperative evolution of multiple individuals in the solution space. However, most
swarm intelligence methods still implicitly contain some form of "central attraction
structure," such as approaching the global or local optimum. Their individual update
formula can typically be expressed as:

x_i(t+1) equals x_i(t) plus attraction term plus random term

The attraction term is often proportional to the difference vector of the current optimal
solution; this structure is geometrically similar to the potential field attraction
mechanism. Essentially, its macroscopic dynamics can still be approximated as a
generalized conservative system or a weakly dissipative system, lacking a clear non-
conservative curl structure.

On the other hand, most algorithms employ a first-order update model, where position
is directly determined by the current state without explicitly introducing acceleration
or inertia terms. This lack of higher-order dynamics limits the system's ability to
traverse narrow potential wells or complex canyon structures. In high-curvature
regions, first-order systems often exhibit oscillations or excessive decay, impacting
search efficiency.

Therefore, reconstructing the optimization process from a dynamical system
perspective, imbuing it with the following characteristics, is crucial:
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First, constructing a non-conservative flow field to enable the search trajectory to
rotate and flow around;

Second, introducing a spatial geometry modulation mechanism to adapt the step size
to the local curvature structure;

Third, treating the system as a non-equilibrium dissipative system, maintaining long-
term exploration activity through energy mechanisms;

Fourth, constructing a continuous memory flow, rather than a simple discrete jump
strategy.

The behavior of rainbow trout in nature provides biological inspiration for these ideas.
When rainbow trout swim upstream, they do not simply move in a straight line
against the current, but rather utilize vortex structures in complex flow fields to
achieve path navigation. Their motion exhibits inertial characteristics, and energy
consumption is closely related to flow velocity. After reaching a suitable area,
individuals possess the ability to re-enter historically favorable waters. These
behaviors correspond to mathematical structures such as non-conservative flow fields,
second-order dynamics, energy coupling, and backflow memory.

Based on these observations, this paper proposes a rainbow trout optimization
algorithm. By constructing a non-conservative induced flow field and curvature
refraction mechanism, a discrete dynamic system with curl, backflow, and energy
dissipation characteristics is established, thereby enhancing the global search
capability in complex non-convex spaces.

II. Problem Definition

Consider the following continuous optimization problem:

Minimize f(x)

Where x belongs to the d-th power of R, and the function f is a real-valued function
from the d-th power of R to R.

In practical applications, f(x) may not be analytically differentiable, or gradient
computation costs may be too high. Therefore, the algorithm design must allow
operation under unknown gradient conditions.

Let the population size be N. The position of the i-th individual at time t is denoted as
x_i(t). If a velocity variable is introduced, its velocity is denoted as v_i(t).

The global optimal solution is defined as:
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x_best(t) equals the point with the smallest f value among all individual historical
positions.

The historical memory set is defined as:

M(t) equals {m_1, m_2, ..., m_K}

where each m_k is a historically optimal solution.

To analyze the population distribution structure, the individual position distribution
probability can be defined. The space is divided into several regions, and the
proportion of individuals in the k-th region is denoted as p_k(t). The following
condition must be met:

The sum of p_k(t) for k equals 1.

The above definition lays the foundation for subsequent entropy and splitting
mechanisms.

III. Construction of Non-Conservative Induced Flow Field

3.1 Gradient Approximation Term

To avoid dependence on analytical gradients, the central difference method is used to
construct a gradient approximation. Let delta be a sufficiently small positive number,
and let e_j be the j-th dimension unit vector. Then, we define:

G_j(x,t) equals

(f(x + delta e_j) minus f(x - delta e_j))

divided by (2 times delta).

The gradient approximation vector G(x,t) is defined as:

G(x,t) equals (G_1(x,t), G_2(x,t), ..., G_d(x,t)).

This term approximates the true gradient when delta is sufficiently small.
Geometrically, it constructs a linear approximate plane near the current point,
providing a local steepest descent direction.

However, relying solely on this term will cause the system to become an
approximately conservative field. To overcome this limitation, a curl structure needs
to be introduced.
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3.2 Curl Generation Term

In vector field theory, if the curl of a vector field is not zero, it is a non-conservative
field. To construct the curl term within the discrete framework, an antisymmetric
matrix S(t) is introduced.

Matrix S(t) satisfies:

The transpose of S(t) equals the negative S(t).

That is, for any i and j,

S_ij(t) equals the negative S_ji(t).

The curl term is defined as:

A(x,t) equals S(t) multiplied by G(x,t).

Its properties are analyzed. Considering the inner product:

The transpose of G(x,t) multiplied by A(x,t)

equals the transpose of G multiplied by S multiplied by G.

Since S is an antisymmetric matrix,

The transpose of G multiplied by S multiplied by G equals 0.

Therefore, A(x,t) and G(x,t) are orthogonal.

This property implies that, in the first-order approximation, the curl term does not
change the descent direction projection of the function value, but it does change the
direction of motion, causing the trajectory to deflect. If G is considered as the radial
component, then A is equivalent to the tangential component. Their superposition
forms a spiral trajectory.

Mathematically, this structure is equivalent to transforming the original gradient
system into:

Point x equals the negative gradient f(x) plus S multiplied by the gradient f(x).

The part induced by S generates a rotating flow.

3.3 Topological Backflow Term
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To construct a continuous memory mechanism, a set of historical good solutions M is
introduced. Let the elements in M ​ ​ be m_k, where k ranges from 1 to K.

Define the backflow kernel function:

R(x,t) equals

summing k from 1 to K

omega_k(t) multiplied by

exp(negative ||x minus m_k|| squared divided by sigma_k)

multiplying by (m_k minus x)

where ||x minus m_k|| squared represents the squared Euclidean distance.

This expression can be interpreted as an attractive field formed by the superposition
of multiple Gaussian kernels. If x is close to a certain m_k, the corresponding
exponential term approaches 1, and the attractive force increases; if the distance is
greater, the exponential term decays rapidly.

Unlike a simple jump to m_k, this mechanism creates a continuous attractive flow in
space, causing individuals to naturally flow back when approaching historically
favorable regions.

3.4 Total Induced Flow Field

Combining the gradient approximation, curl term, and recirculation term, the total
flow field is defined as:

F(x,t) equals

negative G(x,t)

plus A(x,t)

plus R(x,t)

Expanding this, we get:

F(x,t) equals

negative G(x,t)
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plus S(t) multiplied by G(x,t)

plus summation of k from 1 to K

omega_k(t) multiplied by exp(squared of negative ||x minus m_k|| divided by
sigma_k)

multiplied by (m_k minus x)

Due to the presence of the S(t) term and the recirculation term, this vector field
generally does not satisfy the conservatism condition. In other words, its curl is
usually not zero.

From a dynamical system perspective, this flow field can exhibit the following
behaviors:

First, descent along the negative gradient direction;

Second, circulation around equipotential surfaces;

Third, formation of local circulation in historically favorable regions.

Therefore, the system no longer simply converges to the nearest minimum, but may
traverse complex potential wells through rotational and recirculation structures.

IV. Curvature Refraction Mechanism

In complex non-convex optimization problems, the local geometry of the objective
function has a decisive influence on the algorithm's behavior. If the curvature is large
in a certain direction, the function value changes drastically along that direction; if the
curvature is small, the function is relatively flat in that direction. If curvature
information is ignored and a uniform step size is used, oscillations, overshoot, or even
numerical instability are likely to occur in high-curvature directions; while
convergence may be too slow in low-curvature directions.

Therefore, it is necessary to introduce a curvature modulation mechanism based on
the flow field to adaptively match the search behavior with the local geometry.

4.1 Local Diagonal Curvature Approximation

Consider the second-order difference approximation of the function in the j-th
coordinate direction. Let delta be a small positive number, and the j-th unit vector be
e_j. Then, define:

h_j(x) equals
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(f(x plus delta e_j) minus 2 times f(x) plus f(x minus delta e_j))

divided by the square of delta.

This expression is the second-order central difference approximation of the function
in the j-th direction. When delta is sufficiently small, h_j(x) is approximately equal to
the second-order partial derivative in that direction.

If the absolute value of h_j(x) is large, it indicates that the curvature in that direction
is large; if h_j(x) is close to zero, it indicates that the direction is approximately linear
or flat.

Constructing the Curvature Vector

H_diag(x) equals (h_1(x), h_2(x), ..., h_d(x))

This vector characterizes the curvature intensity of the current point in each
coordinate direction.

4.2 Construction of the Refraction Factor

To avoid excessive displacement in high curvature directions, a refraction factor is
introduced.

T_j(x,t) equals

1 divided by (1 plus abs(h_j(x)))

This function satisfies the following properties:

First, when abs(h_j(x)) is large, T_j approaches 0;

Second, when abs(h_j(x)) approaches 0, T_j approaches 1;

Third, T_j always lies between 0 and 1.

Therefore, T_j acts as a scaling factor, automatically reducing the step size in high
curvature directions and maintaining a larger step size in low curvature directions.

Define the refraction modulation vector:

T(x,t) equals (T_1(x,t), T_2(x,t), ..., T_d(x,t))

4.3 Flow field after refraction
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The original flow field is F(x,t). Introducing a dimension-by-dimensional modulation
mechanism, the flow field after refraction is defined as:

F_star(x,t) equals

T(x,t) multiplied dimension by F(x,t)

That is, the j-th dimension component is

F_star_j(x,t) equals T_j(x,t) multiplied by F_j(x,t)

This structure is geometrically similar to the phenomenon of light refraction in
different media. If F(x,t) is considered as the incident direction, then the modulation
of T(x,t) is equivalent to changing the propagation speed according to the local
curvature.

From a stability perspective, the refraction mechanism is equivalent to introducing a
diagonal matrix D(x,t), whose diagonal elements are T_j(x,t), thus transforming the
system into:

F_star equals D(x,t) multiplied by F(x,t)

Since the spectral radius of D is less than or equal to 1, the system update step size is
naturally constrained, helping to avoid oscillations.

V. Second-Order Dynamical Systems

Most optimization algorithms use a first-order update form, where position is directly
determined by the current state. However, in real physical systems, motion typically
follows second-order dynamics, where position change is determined by velocity, and
velocity is determined by force.

To enhance the system's traversal capability, a velocity variable v_i(t) is introduced.

5.1 Velocity Update

The velocity update formula is defined as:

v_i(t + 1) equals

mu multiplied by v_i(t)

plus eta multiplied by F_star(x_i(t), t)
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Where mu is the inertia coefficient, typically ranging from 0 to 1; eta is the flow field
coupling strength.

If mu equals 0, the system degenerates into a first-order model; if mu is close to 1, the
system has strong inertia.

5.2 Position Update

The position update is:

x_i(t + 1) equals

x_i(t)

plus v_i(t + 1)

The entire system constitutes a discrete second-order nonlinear dynamic system.

5.3 Dynamic Interpretation

Writing the above update formula in single-variable form, we get:

x_i(t + 1) - x_i(t)

equals

mu multiplied by (x_i(t) - x_i(t - 1))

plus eta multiplied by F_star(x_i(t), t)

This expression shows that the current position is determined by both historical
displacement and the current flow field. If a downward trend persists in a certain
direction, the velocity will gradually accumulate, thus enabling the system to cross
narrow potential wells.

The second-order structure also gives the system oscillatory and penetrating
characteristics, which are significant in complex multimodal functions.

VI. Energy Evolution and Conservation Violation

To further construct a non-equilibrium system, an individual energy variable E_i(t) is
introduced. Energy is used to regulate individual activity and the overall exploration
intensity of the system.

6.1 Individual Energy Update
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Let the velocity modulus be

V_i(t) equal to the norm of F_star(x_i(t), t)

Define the energy update formula:

E_i(t + 1) equals

rho multiplied by E_i(t)

minus beta multiplied by V_i(t)

plus gamma multiplied by (f(x_i(t - 1)) - f(x_i(t)))

Where:

rho is the energy retention coefficient, less than 1 indicates dissipation;

beta controls flow consumption;

gamma is the improvement reward coefficient.

If an individual obtains a function value improvement in the current iteration, then
f(x_i(t - 1)) - f(x_i(t)) is positive, thus increasing energy.

6.2 Total Energy and Energy Conservation Violation

Define the total energy of the system

Total_E(t) equals

Sum of E_i(t) from 1 to N

Under the dissipative mechanism, the total energy usually decreases over time. If
Total_E(t) is too low, the system may fall into a frozen state.

Therefore, an energy injection mechanism is introduced.

If

Total_E(t) is less than theta_E multiplied by the initial total energy

Then execute
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E_i(t plus 1) equals

E_i(t plus 1)

Add lambda multiplied by (initial total energy minus Total_E(t))

This mechanism breaks energy conservation, making the system an externally driven
non-equilibrium system.

From a statistical physics perspective, this system is similar to a dissipative structure,
maintaining a dynamic evolution far from equilibrium through energy input.

VII. Entropy-Driven Population Splitting

In the later stages of optimization, the population may concentrate in a certain region,
leading to a decrease in diversity. To quantify the uniformity of distribution,
positional entropy is introduced.

7.1 Entropy Definition

The search space is divided into several grids, with the proportion of individuals in
the k-th grid being p_k.

Define positional entropy:

S(t) equals

the negative sum of k multiplied by p_k, log(p_k).

If all individuals are concentrated in a single region, S(t) is close to 0; if uniformly
distributed, S(t) is larger.

7.2 Splitting Condition

When

S(t) is less than theta_S

and
the global optimum has not significantly improved within tau generations,

then a split operation is performed.

7.3 Splitting and Merging
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The population is divided into several subgroups using a clustering method, and each
subgroup evolves independently. The independent stage can last for L generations.

Then the subgroups are merged, retaining the best individuals from each subgroup.

This process can be represented as follows:

The overall population

splits into a set of subgroups

each subgroup updates independently

they merge into a new overall population

This periodic structure increases diversity and avoids getting trapped in a single
extreme region.

VIII. Algorithm Flow

Step 1: Initialize x_i(0), v_i(0), E_i(0)

Step 2: Calculate the gradient approximation G

Step 3: Calculate the curl term A

Step 4: Calculate the backflow term R

Step 5: Construct F equal to negative G plus A plus R

Step 6: Calculate curvature h_j and refractive factor T

Step 7: Calculate F_star equal to T multiplied by F dimension by dimension

Step 8: Update velocity v_i

Step 9: Update position x_i

Step 10: Update energy E_i

Step 11: Determine Total_E and perform energy injection

Step 12: Calculate position entropy S(t)

Step 13: Split if the condition is met
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Step 14: Update the historical memory set

Step 15: Determine the termination condition

IX. Stability Analysis

Ignoring curl and backflow terms, the system is approximated as:

v(t plus 1) equals mu v(t) minus eta T(x) G(x)

If mu If eta is less than 1 and sufficiently small, the system can be considered a
discrete damped oscillator system, locally stable.

Adding a curl term transforms the system into a non-conservative system. However,
since

the transpose of G multiplied by S multiplied by G equals 0,

the curl term does not change the decreasing trend of the function value under the
first-order approximation.

The refraction factor T_j lies between 0 and 1, making the update step bounded.

The energy dissipation coefficient rho is less than 1, ensuring that the individual
energy does not grow indefinitely.

Therefore, within a reasonable parameter range, the system is a bounded dissipative
system.

X. Time Complexity Analysis

For each individual, each generation requires the following calculations:

Gradient approximation: d times

Curvature approximation: d times

Curvature matrix multiplication: approximately d squared

Therefore, the time complexity per generation is:

O(N x d squared)

If the total number of iterations is T, then the total complexity is:



Contribution Title (shortened if too long) 15

O(T x N x d squared)

XI. Discussion of Method Characteristics

First, the curl structure makes the flow field non-conservative;

Second, curvature refraction improves geometric adaptability;

Third, second-order dynamics enhances traversal capability;

Fourth, the recirculation kernel achieves continuous memory;

Fifth, the entropy-driven mechanism maintains diversity;

Sixth, energy violation constructs a non-equilibrium evolution system.

XII. Conclusion

This paper systematically constructs a rainbow trout optimization algorithm based on
a non-conservative flow field, curvature refraction, and energy non-equilibrium
mechanisms. The algorithm breaks the traditional conservative descent model through
curl coupling and recirculation structure, and enhances the system's exploration
capability with the help of second-order dynamics and energy evolution mechanisms.
Theoretical analysis shows that this method belongs to the dissipative nonequilibrium
structure at the dynamical system level, possessing good stability and expressive
power. Further research can focus on its continuous-time limiting form and rigorous
convergence proof.
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