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Abstract. This paper introduces a novel approach for solving high-dimensional
nonlinear optimization problems by integrating neural networks into the opti-

mization process. The method leverages the capabilities of neural networks to
efficiently handle complex, high-dimensional data and to approximate discrete

numerical solutions of nonlinear optimization problems using continuous func-

tions. By combining the nonlinear mapping ability of neural networks with
iterative optimization algorithms, the proposed approach provides a superior

method to solve nonlinear optimization problems. The paper demonstrates the

adaptability of neural network-based solution methods in solving various non-
linear optimization problems and illustrates that the method can be applied

to many different problem scenarios. The effectiveness and correctness of the

proposed method are demonstrated through examples.

1. Introduction. Nonlinear Optimization has a wide range of applications in en-
gineering, economics, finance, physics, biology, and many other disciplines [12]. The
problem consists of maximizing or minimizing a function of one or more variables
such that these variables satisfy certain constraints in the form of equations or in-
equalities. In modern science and engineering areas, high-dimensional nonlinear
optimization plays an important role [2, 9] in engineering optimization [10], signal
processing [11], and computer vision [5]. Many real-world problems can be modeled
as nonlinear optimization problems, and the complexity of the problems increases
along with the amount of data. These problems may involve a large number of
variables and constraints, and optimal solutions are required to achieve certain ob-
jectives and satisfy specific requirements.

Solving high-dimensional nonlinear programming problems is challenging due to
several factors: (1) The search space grows exponentially with the dimension of the
problem, making it difficult to find the optimal solution. (2) There are numerous
local optimal solutions that require significant computational resources and time to
find the global optimal solution. (3) Complex nonlinear properties require a large
number of iterations and calculations, increasing the complexity of the solution.
(4) The presence of various nonlinear constraints further complicates the solution
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process. (5) Accuracy and stability requirements for the underlying numerical al-
gorithms in high-dimensional spaces are demanding, necessitating careful handling
of numerical errors and instability.

There are many methods for solving high-dimensional optimization problems,
including traditional gradient descent techniques and trust region methods. There
are searching techniques such as Quasi-Newton acceleration method [18], Particle
Swarm Optimization Algorithm (PSO) [8], Genetic Algorithm (GA) [14], Interior
methods [4] and so on[1, 16]. Some methods are prone to falling into local op-
tima, while some are sensitive to learning rates and high computational complexity.
For some standard optimization problems, such as quadratic constrained quadratic
programming (QCQP) [7], they are still lacking good solution techniques. The
structure of the problem is often explored to develop special solution techniques. In
doing so, existing algorithms need to be adapted to new problem structures with
significant expertise involved, which could take a long development cycle in the
process. This increases the cost of developing solution to the problem. In view of
this, it is advantageous to find a more universal solution method for all types of
problems.

To overcome the challenges encountered, neural networks provide an attractive
option for solving nonlinear optimization problems due to their ability to handle
complex and high-dimensional nonlinear relationships, and are well suited for real-
world problems [13, 6]. Their strong fitting and generalization capabilities enable
them to learn and identify patterns and regularities within data effectively, enhanc-
ing the optimization process. Furthermore, due to the sheer number of variables
and constraints, searching for an optimal solution in a high-dimensional space be-
comes very difficult as the solution space grows exponentially with the dimension of
the problem. Neural networks can efficiently cope with large-scale data and high-
dimensional spaces, leveraging their parallel computing capabilities to accelerate
optimization. Consequently, integrating neural networks into nonlinear optimiza-
tion problems improves efficiency, accuracy, and introduces innovative approaches
to solving complex problems.

In this paper, we propose a novel neural network structure to represent the so-
lution space and take advantage of the training process to minimize the objective
function by continuously adjusting parameters and ensuring that the final solu-
tion satisfies constraints. This approach combines the nonlinear mapping ability
of neural networks with the iterative optimization process of algorithms, effectively
addressing complex optimization problems. The main contribution of this article is
summarized as follows:

1. Approximate solution space of nonlinear optimization problems via continuous
functional representations, which enhances accuracy and applicability and also
improves computational efficiency. This approach provides a superior method
for solving nonlinear optimization problems.

2. Take advantage of the ability of neural networks to efficiently process large-
scale, high-dimensional data, thus providing a powerful tool for solving the
challenges posed by complex nonlinear optimization problems.

3. The solution based on neural networks has shown adaptability and robustness
across diverse contexts of nonlinear optimization problems, illustrating the
method’s wide-ranging applicability.
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4. A novel loss function has been proposed to optimize the balance between
objectives and constraints, along with an efficient neural network training
method that includes customized learning rates and regularization to enhance
algorithm performance and model generalization.

The paper is structured as follows. In Section 2, we introduce a unified form
of nonlinear optimization problems. In Section 3, we apply the penalty function
approach to nonlinear optimization problems and convert them into finding con-
tinuous function approximations. We then utilize the proposed NN algorithm to
solve the reformulated problems. In Section 4, examples are used to demonstrate
the effectiveness and validity of the proposed NN method.

2. Nonlinear optimization problems. Nonlinear optimization problems take
the following general form:

min
x

f(x)

s.t. x ∈ F ,
x ∈ Rn.

The variables x = (x1, . . . , xn)
T

are referred as the decision variables, the func-
tion f(·) : Rn → R is known as the objective function, and the goal is to minimize
this function. The expression ”x ∈ F” indicates that the decision variables x must
belong to a specified set F .

Many problems of maximizing efficiency based on existing resources or mini-
mizing costs to achieve a certain goal take different formats. A canonical form of
constrained optimization can be represented by

min
x

f(x)

s.t. gi(x) ≤ 0, i = 1, . . . , I,
hj(x) = 0, j = 1, . . . , E .

(1)

where x ∈ Rn, f(·) : Rn 7→ R, gi(·) : Rn 7→ R, hj(·) : Rn 7→ R.

These functions are continuous and differentiable usually. The feasible region of
this problem is the set

F = {x : g1(x) ≤ 0, . . . , gI(x) ≤ 0, h1(x) = 0, . . . , hE(x) = 0} .
Let g(x) = (g1(x), . . . , gI(x)) : Rn → RI ,h(x) = (h1(x), . . . , hE(x)) : Rn → RE .
Then (1) can be rewritten as

min
x

f(x)

s.t. g(x) ≤ 0

h(x) = 0

x ∈ Rn.

(2)

If the objective function is quadratic, then (1) becomes a quadratic programming
problem (QP):

min
x

Q(x) =
1

2
x>Gx + g>x

s.t. Ax = b,

Cx ≤ d,

(3)
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where G is a symmetric matrix, G ∈ Rn×n, g ∈ Rn.

When it comes to real-world problems, the constraints may take various forms,
including linear and non-linear constraints, as well as the distinction between equal-
ities and inequalities. For the convenience of subsequent study, we will list the types
of constraints and provide the specific form of the non-linear optimization problem
being studied as

min f(x)

s.t. Ax ≤ b

Āx = b̄

C(x) ≤ 0

C̄(x) = 0

(4)

where A, Ā, b, b̄ are matrices and vectors respectively, and C(x), C̄(x) are nonlinear
vector functions.

3. The neural network-based optimization method. In this section, we in-
troduce the neural network structure to represent solution spaces of optimization
problems, and to formulate the optimization problem as minimization of the objec-
tive function. Then we can apply neural network training to update the weights
and biases of a neural network model via backpropagation algorithms to minimize
the objective function and to ensure constraint satisfaction.

3.1. Approximate by piecewise continuous functions. We define a set of in-
tervals S = (S1, S2, ..., SN ), where each variable xi is assigned to one of these
intervals. The interval information of each interval Si is represented by xSi , which
corresponds to the value xi. Furthermore, we define the collective interval informa-
tion for all intervals as xS = (xS1

, xS2
, ..., xSN

), and utilize it as the network input.
The L-layer neural network is defined as follows:

Input layer: F0(xS) = xS ,

Hidden layers: F`(xS) = σ`
(
w`F`−1(xS) + b`

)
, for 1 ≤ ` ≤ L− 1,

Output layer: FL(xS) = wLFL−1(xS) + bL.

Here, the parameters need to be determined include V = (W,b), W = (w1,w2, ...,wL),
b = (b1, b2, ..., bL), w` and b`, ` = 1, 2, ..., L represent the weight matrices and bias
vectors, respectively. Nonlinear activation functions σ`, ` = 1, 2, ..., L are used to
model nonlinear components. The lth component of the neural network’s output
layercan be briefly described as

Fl(xS , V ) :=

NL∑
k=1

w
(L)
lk σL

NL−1∑
j=1

w
(L−1)
kj σL−1

(
· · ·σ1

(
N1∑
i=1

w
(1)
ji xSi + w

(1)
j0

)
· · ·

)
+ w

(L−1)
k0

+ w
(L)
l0 .

(5)

The piecewise continuous function F̃ (xS , V, r) can then be used to approximate
the optimal solution x of nonlinear optimization problems. The continuous function
F̃ (xS , V, r) is stated as

F̃ (xS , V, r) =

N∑
l=1

rlFl(xS , V ) (6)
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with

rl(x) =

{
1 if x ∈ Sl

0 if x /∈ Sl

(7)

where r is the vector consist of the N scalar parameters r1, r2, ..., rN , F̃ (xS , V, r)
represents a piecewise constant function, with a value of rl for all states within the
set Sl.

To simplify the notation without losing the clarity of the relationship between
the network output and the training parameters, we denote FL(xS , V ) by F(xS , V )
where F(xS , V ) = (F1(xS , V ), F2(xS , V ), ..., FN (xS , V )), and Fl(xS , V ) in equation
(5) refers to lth component of F(xS , V ). From the network architecture, it can be
seen that the properties of the function F(xS , V ) are embedded within the structure
of the neural network. By training the parameters of the neural network to optimize
the function F̃ (xS , V, r), we can obtain the value of x at each desired point, such
as x1 = F1(xS , V ), x2 = F2(xS , V ), . . ., xN = FN (xS , V ), as illustrated in Fig 1.

Figure 1. Approximate x by continuous functions F̃ (xS , V, r).

3.2. Penalty approach. In this section, we utilize the penalty function method to
handle equality constraints and inequality constraints of the nonlinear programming
problem. This approach involves transforming the constraints into the objective
function. This simplifies the solution process by incorporating feasibility of the
optimal solution as part of the objective function, and also ensures the convergence
and stability of the algorithm.

For a general nonlinear optimization problem (2), the penalty function can be
expressed as

Φ(x, ρ) = f(x) + ρ1

I∑
i=1

(max(0, gi(x)))2 + ρ2

E∑
i=1

h2i (x) (8)

where ρ1, ρ2 are penalty factors for violating the constraints. For sufficiently large
ρ1 > 0 and ρ2 > 0, the violation of the constraint function at the point of the mini-
mum of the function Φ(x, ρ) is small, and thus it can be regarded as an approximate
optimal solution to problem (2). The terms (max(0, g(x)))2 and h2(x) correspond
to the penalty term for the inequality constraint and the equality constraint, re-
spectively.
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For the unified form (4) studied in this paper, the penalty function Φ(x, ρ) can
be expressed as

Φ(x, ρ) =f(x) + ρ1

m∑
i=1

(max(0, (aix− bi)))2 + ρ2

n∑
j=1

(ājx− b̄j)2 (9)

+ ρ3

p∑
k=1

|c̄k(x)|2 + ρ4

q∑
l=1

(max(0, cl(x)))2 (10)

where m,n, p, q denote the dimension of linear inequality constraints, linear equal-
ity constraints, nonlinear inequality constraints and nonlinear equality constraints,
respectively, ai is the ith row of A, āi is the ith row of Ā, and ρ1, ρ2, ρ3 and ρ4
indicate penalty coefficients, bi is the ith component of b, b̄j is the jth component
of b̄.

After approximating x by F, we map x into a cost approximation Φ̂(F(xS), r)

Φ(x, ρ) = Φ̂(F(xS , V ), ρ) (11)

whose value depends on F and the parameter vector r. Then, the nonlinear opti-
mization problem (4) can be transformed into the following problem,

Problem. Find function F̃ (xS , V, r), to minimize the following loss function

Φ̂(xS , V, r) =f(F̃ (xS , V, r)) + ρ1

m∑
i=1

max
[
0,
(
ai · F̃ (xS , V, r)− bi

)]2
+ ρ2

n∑
j=1

∣∣∣āj · F̃ (xS , V, r)− b̄j
∣∣∣2 ρ3 p∑

k=1

∣∣∣c̄k(F̃ (xS , V, r)
∣∣∣2

+ ρ4

q∑
l=1

max[0, cl(F̃ (xS , V, r)]2

(12)

Remark 3.1. In this context, it is important to distinguish between the roles of
the two-parameter vectors. In particular, V parametrizes F(xS , V ), which implies
the features of the approximating function F(xS , V ), while ρ is the penalty factor,
representing the degree of penalty for different constraints.

3.3. Optimization by Neural Network Algorithms. In this section, we choose

the parameter vector V to determine the function F̃ (xS , V, r) by training Φ̂(xS , V, r).

A neural network architecture offers a set of parameterized functions F̃ (xS , V, r) in
the form of (6) that can be utilized within the optimization framework described.
As shown in Fig. 2, the decision variable x is approximated by a numerical vec-
tor of values F̃ (xS , V, r) with individual components F(xS , V ). The linear output
component of the hidden layer is used as the input to the nonlinear activation
functions. After training with multiple hidden layers, Fl(x, V ) is generated at the

output layer, and then the piecewise continuous function Φ̂(xS , V, r) is generated
with the parameter r.

It is important to note that, unlike traditional supervised learning tasks using
neural networks, in this case, we are using the neural network model as an op-
timizer. The output layer does not directly generate predictions or classification
results, but instead continuously updates the variables to find the optimal solution
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through a back-propagation algorithm. Through neural network training, successive
approximate solutions to nonlinear planning problems can be obtained.

Cybenko’s approximation theorem [3] established that a feedforward neural net-
work with at least one hidden layer of non-polynomial activation functions, such as
sigmoid or ReLU, can approximate any continuous function to arbitrary accuracy.
This theorem highlights the neural network’s capacity for complex functional map-
ping. When we integrate a penalty term into the objective function to ensure that
all constraints are considered during optimization, the neural network’s weights are
optimized using gradient descent, which iteratively refines the weights to minimize
the objective function. In essence, the synergy of neural networks and gradient
descent offers a versatile and potent framework for addressing optimization chal-
lenges. By leveraging neural networks to approximate the objective function and
constraints, and employing gradient descent for weight optimization, this approach
ensures convergence to an optimal solution that satisfies all constraints.

Figure 2. Approximate the decision variable x by a numerical
vector of values F̃ (xS , V, r) .

4. Numerical results. In this section, we verify firstly the effectiveness of the
proposed method to find the global optimal point of a nonlinear optimization prob-
lem using two test cases. Then, we tackle the QCQP problem and the nonlinear
optimization problem with various constraints in both low and high-dimensional
cases. The neural network-based optimization method example in this paper was
implemented using Python, and the graphics card utilized was the GeForce RTX
4090, with the chip code AD102.

4.1. Example 1 (2-dimensional Schubert function). The 2-dimensional Schu-
bert function is a mathematical function defined on the 2-dimensional space. It is
known for its complex and intricate pattern of local minima and maxima (as shown
in Figure 3), making it a popular test function for optimization algorithms. The 2-
dimensional Shubert function has 760 local minimas, 18 of which are global minimas
with -186.73067 [17].
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Algorithm 1

Require:
Lr: Learning rate
NT : Number of training
N : Dimension of the decision variable x
m: Dimension of linear equality constraints
n: Dimension of linear inequality constraints
p: Dimension of nonlinear equality constraints
q: Dimension of nonlinear inequality constraints
layer, dense: Number of layers of the neural network and neurons in the hidden
layer

Ensure:
Optimal solution

1: Initialize the neural network model
2: Initialize the optimizer with the given learning rate schedule
3: Initialize the variable x
4: for Nepoh = 1 to NT do
5: Computing the cost function
6: Computing the loss function by adding the errors of each constraint function

to the cost function
7: Calculating the gradient by backpropagation algorithm
8: Updating the network parameters using gradient descent algorithms to re-

duce the value of the loss function
9: Record the constraint values and objective value for analysis

10: end for

The 2-dimensional Schubert function is given by the following form, and the
function’s visual representations are depicted in Figure 3, which includes the front
and top views.

f (x) =

(
5∑

i=1

i cos [(i+ 1)x1 + i]

)(
5∑

i=1

i cos [(i+ 1)x2 + i]

)
,

− 10 6 xi 6 10, i = 1, 2.

(13)

As mentioned in the literature [15], the process of finding the global minimum
using a simulated annealing algorithm typically necessitates approximately 100,000
function evaluations. In contrast, the neural networks- based optimization method
only requires 100 training steps, taking a mere 4.4139 seconds, and yielding an
optimal value of -186.73, with the optimal solution being -1.4249 and -0.8003. The
variation of the objective function with the number of training steps is depicted
in Figure 5. As can be seen from the figure, after repeated exploration, the value
function eventually stabilized at -186.7305. This suggests that neural network based
optimization methods can be effective in exploring globally optimal solutions.

4.2. Example 2 (Levy function). The Levy function’s multi-peaked nature al-
lows it to effectively test optimization algorithms in dealing with multi-peaked prob-
lems. Its numerous nonlinear properties also enable testing algorithm performance
in nonlinear optimization problems. Additionally, Levy functions are suitable for
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high-dimensional spaces, making them valuable for evaluating algorithm perfor-
mance in complex optimization situations.

f(x) = sin2 (πy1) +

d−1∑
i=1

(yi − 1)
2 [

1 + 10 sin2 (πyi + 1)
]

+ (yn − 1)
2 [

1 + sin2 (2πyn)
]

yi = 1 + 0.25 (xi − 1) , −10 6 xi 6 10, i = 1, 2, · · · , n.
(14)

We take the dimension of the decision variable to be 10000. The theoretical
global optimum of the optimization problem corresponding to the levy function is 0
and the components of the optimal solution are 1. The optimal values and optimal
solutions that we have calculated using the neural network approach are shown
in Figure 6 and Figure 7. After 7.0015 seconds and 200 steps of neural network
training, the objective function value was stabilized at 0 by continuously searching
the solution space. This shows that neural network based optimization methods can
be effective in exploring the global optimal solution in high-dimensional problems
as well.

4.3. Example 3 (Quadratically Constrained Quadratic Programming
(QCQP)). For this example, we consider the quadratically constrained quadratic
programming problem (QCQP) with the following form:

minxTQx + cTx

s.t. xTQcx ≤ b
(15)

where x is an n-dimensional vector, Q is an n × n symmetric matrix, c is an n-
dimensional vector, Qc is an n× n matrix, and b is an 1-dimensional vector.

4.3.1. Example 3.1 (QCQP - Low dimension). There are relatively few algorithms
available for solving Quadratically Constrained Quadratic Programming (QCQP)
problems, and a generalized efficient algorithm is notably lacking. To illustrate the
effectiveness of our proposed method in addressing QCQP challenges, this subsec-
tion begins by comparing two approaches: one utilizing neural networks and the
other employing the matlab Fmincon toolbox.

In low-dimensional cases, we consider the dimension of the decision variable to
be N = 10 and N = 1000. Matrices Q, Qc and vectors c and b are randomly
generated. We have repeated at least 3 times generating 3 different problems and
compared well with the results from Matlab. One set of typical results for both
examples are recorded in the table along with the number of network layer & dense.
In Figure 8, to clearly show the decreasing trend of the training process, we created
some subfigures on the larger plot. Each subgraph corresponds to a different stage
of the optimization process, its color corresponds to the area indicated by the arrows
on the axes. It can be seen from the subgraphs that, as the training goes deeper, the
cost function value decreases and converges to the optimal value gradually. Figure
9 demonstrates the optimal solution for the variable x.

4.3.2. Example 3.2 (QCQP - High dimension). Compared to small-scale QCQP
problems, large-scale problems face multiple challenges, including computational
complexity, an increase in the number of local minima, and an increase in the
difficulty of constraint satisfaction, leading to the fact that existing optimization
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(a)

(b)

Figure 3. The images of 2-dimensional Schubert function.

Dimension N = 10 N = 1000
Optimal objective
function

NN: -0.3548 NN: -23.587

Fmincon: -
0.35479

Fmincon: -
23.587

Layer & Dense of NN 4, 8 4, 16
The number of training 15000 60000
Table 1. Comparative results of QCQP in low dimensions.

algorithms may not scale effectively. In this subsection, we demonstrate the effec-
tiveness of our approach in scaling to large-scale problems.
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Figure 4. Optimal solution for Example 1.

Figure 5. Objective value for Example 1.

In this example, we consider the dimension of the independent variable to be
N = 10000 and N = 30000, the results for both examples are recorded in Table 2
along with the number of network layer & dense.

In Figure 10, we illustrate the variation of the objective function with N = 10000.
To better observe its decreasing trend, we include several sub-figures within the main
figure, with colors corresponding to the areas indicated by the arrows on the axes,
from which we can see that the objective function gradually decreases and stabilizes
at the optimal value of -226.539.
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Figure 6. Optimal solution for Example 2.

Figure 7. Objective value for Example 2.

Dimension N = 10000 N = 30000
Optimal objective
function

NN: -226.539 NN: -655.842

Fmincon: failed Fmincon: failed
Layer & Dense of NN 16, 32 64, 128
The number of training 100000 300000

Table 2. Comparative results of QCQP in high dimensions.
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Figure 8. Cost function value of the NN for the 10-dimensional QCQP.

Figure 9. Optimal solutions of NN and Fmincon for the 10-
dimensional QCQP.

4.4. Example 4 (Nonlinear Optimization Problem (NLOP)). In this sec-
tion, we verify the ability of our algorithm for solving nonlinear optimization prob-
lems, and similar to the previous example, we compute the low and high dimensional
problems separately.

4.4.1. Example 4.1(Nonlinear Optimization Problem- Low dimension). In this ex-
ample, we focus on a nonlinear programming (NLOP) problem with a four-dimensional
optimization variable x. The problem is subject to two linear equality and two linear
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Figure 10. Cost function value of the NN for the 10000-
dimensional QCQP.

inequality constraints. The problem is presented as follows:

min f(x) =

4∑
i=1

(x2i + 2sinxi)

s.t.

Ax ≤ b
Bx = d

C(x) =
∑4

i=1(x3i + |xi|) ≤ 20

D(x) =
∑4

i=1 x
2
i = 12

(16)

where

A =

[
0.5085 4.8168 0.4205 1.5918
7.1162 0.6389 2.7053 0.6910

]
, b =

[
3.2040
3.1195

]
,

B =

[
0.5269 5.6120 0.8137 7.4510
1.8911 0.6409 12.0439 0.7832

]
, d =

[
2.1058
8.9273

]
.

The network parameters employed are as follows, the network consists of 8 layers
with 32 neurons in each hidden layer, and the optimization is performed using
the Adagrad algorithm. The optimal solution values for x from both methods are
presented in Table 3. The process of incorporating a penalty term for the constraints
within the loss function ensures that the constraints are progressively met as the
training advances. This gradual satisfaction of the constraints is clearly depicted in
Figure 11, which illustrates the variation in the constraint function over the course
of training.

Furthermore, Figure 12 presents a visual account of how the value function
evolves throughout the training process. The figure is accompanied by two de-
tailed plots that offer insights into specific aspects of the training: the first plot
zooms in on the descent of the function during the training phase, while the second
plot clearly demonstrates the stabilization of the value function, reaching a settled
value of 14.361.
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Index NN Fmincon
1 -3.0630 -3.0630
2 1.0151 1.0150
3 1.1940 1.1939
4 -0.3957 -0.3957

Table 3. Comparative results for low-dimensional NLOP.

Figure 11. Constraint values for NLOP in low-dimensions.

Figure 12. Optimal solutions of NN and Fmincon for NLOP in
low dimensions.
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4.4.2. Example 4.2 (Nonlinear Optimization Problem - High dimension).

min f(x) =

N∑
i=1

(x2i + cosxi)

s.t.

Ax ≤ b
Bx = d

C(x) =
∑N

i=1(x3i + xisinxi) ≤ 600

D(x) =
∑N

i=1 |xi| = 1000

(17)

In this example, we set N = 10000, and define 4 types of constraints, including
2 linear and 2 nonlinear constraints. The matrices A and B, which are both of
dimensions 2 × n, as well as the vectors b and d, which are both 2 × 1, are gen-
erated randomly using Python. For the optimization process, the Adam optimizer
is utilized during the initial 20% of the training steps, after which the Adadelta
optimizer takes over for the remainder of the training. The neural network config-
uration consists of 32 layers with 128 neurons in each hidden layer. After 10000
pieces of training, the value function tends to stabilize to 10056.38.

Figure 13 presents a visual representation of how the constraints are satisfied
throughout the training process. The accompanying smaller figure provides an
enlarged view of certain details, with colors corresponding to the double-arrowed
sections in the main figure. Figure 14 demonstrates the downward trend of the value
function during the training process, showing how it eventually stabilizes. The color
coding in this figure is consistent with that used in the previous figure for ease of
comparison and understanding.

Figure 13. Constraint values for high-dimensional NLOP.

5. Conclusion. This paper presents a new approach for solving complex nonlinear
optimization problems by incorporating neural networks into the optimization pro-
cess. The proposed method exploits the ability of neural networks to handle high
dimension and complex nonlinear relationships, and provides a promising solution
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Figure 14. Cost function value for high-dimensional NLOP.

to the challenges posed by such problems by developing suitable neural network
structures during the training process of optimization algorithms. This work ex-
plores new possibilities for solving challenging nonlinear optimization problems and
demonstrates the potential for generalization to new and diverse problem solutions.
Although our neural network-based optimization approach performs well in dealing
with complex problems, it is possible that the training process can become expen-
sive and time-consuming when faced with very large-scale problems with millions
of variables and constraints. At the same time, the dynamic nature of real-time
optimization problems and the frequent updating of constraints also place higher
demands on the robustness and adaptivity of neural networks. These will be future
research directions, including the development of more efficient training algorithms
and neural network structures to reduce computational complexity, as well as the
study of adaptive models to achieve fast responses to real-time changes, thus en-
hancing the applicability and robustness of our approach.
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