
ShunkinYu.

22 ISSN 2078�5097. Âiñí. Ëüâiâ. óí-òó. Ñåð. ïðèêë. ìàòåì. òà iíô. 2025. Âèï. 34

UDC 519.6 http://dx.doi.org/10.30970/vam.2024.34.00000

A POTRA-TYPE METHOD WITH
INVERSE OPERATOR APPROXIMATION

FOR NONLINEAR LEAST SQUARES PROBLEMS

Yu. Shunkin

Ëüâiâñüêèé íàöiîíàëüíèé óíiâåðñèòåò iìåíi Iâàíà Ôðàíêà,

âóë. Óíiâåðñèòåòñüêà 1, Ëüâiâ, 79000, Óêðà¨íà

e-mail: yuriy.shunkin@lnu.edu.ua

This paper introduces di�erence method for the numerical solution of nonlinear least
squares problems. Classical algorithms for nonlinear least squares, such as the Gauss-
Newton method, are often hindered by the need to solve a dense linear system of normal
equations at each iteration, a step that becomes a signi�cant computational bottleneck for
large-scale problems. To overcome this limitation, the proposed algorithm synergistically
combines two powerful techniques. First, it employs a Potra-type iterative update, which
achieves a convergence rate of 1.839... using only �rst-order divided di�erences, making the
method applicable even to problems with non-di�erentiable operators. Second, to eliminate
the matrix inversion bottleneck, the algorithm integrates a successive approximation of the
inverse operator, replacing the costly linear system solve with more e�cient matrix-matrix
multiplications. We provide a local convergence analysis for this new method under stan-
dard Lipschitz conditions, formally establishing su�cient conditions for its convergence and
con�rming its high-order properties. The practical performance of the algorithm is then
evaluated through numerical experiments on a suite of standard nonlinear least squares
test problems of di�erent types and complexity. A comparative analysis against a baseline
secant-type method that utilizes inverse operator approximation. The results empirically
validate our central hypothesis � while the proposed algorithm may require slightly more
iterations, it consistently achieves a lower total computation time by reducing the cost per
iteration. This advantage is particularly pronounced for larger-scale problems, highlight-
ing the method's potential as a robust and e�cient tool for computationally demanding
nonlinear least squares challenges.

Key words: nonlinear least squares problem; approximation of the inverse operator; Potra-
type method; divided di�erence.

1. Introduction

The nonlinear least squares problem is a fundamental task in computational science
and engineering, arising frequently in statistical analysis, data �tting, and parameter
estimation. The objective is to �nd a vector of parameters that best �ts a model to a
set of observations. Formally, the problem is de�ned as �nding a minimizer x∗ for the
objective function f(x) [1]

min
x∈D⊆Rp

f(x) :=
1

2
F (x)TF (x), (1)

where the residual function F : D ⊆ Rp → Rm is a continuously di�erentiable and
nonlinear operator on an open convex set D, with m ≥ p. The vector x∗ ∈ D is sought
such that f(x∗) = min

x∈D
f(x).

One of the most e�ective and widely used algorithms for solving the nonlinear least
squares problem is the Gauss-Newton method, �rst proposed by Gauss in 1809 [1]. It is
an iterative procedure de�ned by the iterative scheme

xk+1 = xk − (F ′(xk)
TF ′(xk))

−1F ′(xk)
TF (xk), k = 0, 1, ..., (2)
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where F ′(xk) is the Jacobian matrix of F at the iterate xk. This method can be viewed
as a modi�cation of Newton's method for optimization that avoids the computation of
second-order derivatives [1, 3]. Despite its e�ectiveness, the Gauss-Newton method has
two signi�cant drawbacks. First, it requires the explicit computation of the Jacobian
matrix, which may be analytically complex or computationally expensive. Second, each
iteration involves forming and solving a p × p system of linear equations (the normal
equations), an operation that can become the computational bottleneck for problems
with a large number of parameters p [1, 4].

To address the �rst issue, derivative-free methods have been developed. These meth-
ods replace the Jacobian matrix with an approximation that does not require derivative
information. A prominent example is the Secant method, which approximates the Ja-
cobian using a �rst-order divided di�erence, denoted [xk, xk−1;F ] [1]. This makes the
method applicable to a broader class of problems, including those where the operator F
contains non-di�erentiable parts [1].

A persistent challenge in both Gauss-Newton and its derivative-free variants is the
requirement to solve a linear system at each iteration [1]. This step, corresponding
to the inversion of the matrix (F ′(xk)

TF ′(xk)) or its divided-di�erence analogue, often
dominates the computational cost of the entire algorithm.

To mitigate this expense, methods incorporating successive approximation of the
inverse operator have been studied [2, 7, 10]. This technique is based on applying
Newton's method to �nd the inverse of a matrix A, given by the iterative formula
Ak+1 = Ak(2E − AAk), where E is the identity matrix [1]. By integrating this up-
date rule into the main iterative loop, one can replace a costly direct matrix inversion
or system solve with a sequence of matrix-matrix multiplications, which can be more
e�cient.

This paper introduces and analyzes a iterative method for the nonlinear least squares
problem that combines the high convergence order of the Potra-type scheme [6] with the
computational e�ciency of successive inverse operator approximation. The goal is to
develop an algorithm that is both fast in terms of convergence rate and e�cient in terms
of computational cost per iteration.

The primary hypothesis is that this combination will yield a method that, while po-
tentially requiring a few more iterations than a version with direct matrix inversion, will
achieve a signi�cantly lower total computation time for large-scale problems. This trade-
o� between iteration count and per-iteration cost is the central performance characteristic
under investigation. The structure of this work is as follows: Section 2 provides a local
convergence analysis under standard Lipschitz conditions. Section 3 presents numeri-
cal results from a series of experiments on benchmark nonlinear least squares problems.
Finally, Section 4 o�ers concluding remarks.

To establish a basis for comparison, we �rst adapt the Potra method, originally
formulated for solving F (x) = 0, to the nonlinear least squares problem. This adaptation
follows the same principle as the transition from Newton's method to the Gauss-Newton
method [8]. We de�ne the Potra operator at step k as a linear operator constructed from
�rst-order divided di�erences of F

Pk = [xk, xk−1;F ] + [xk−2, xk;F ]− [xk−2, xk−1;F ], (3)

where [x, y;F ] denotes the divided di�erence of F at points x and y [1]. This operator
replaces the Jacobian F ′(xk) in the Gauss-Newton formulation. The resulting baseline
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Potra-type method for nonlinear least squares is de�ned by the iterative formula

xk+1 = xk − (PT
k Pk)

−1PT
k F (xk), k = 0, 1, 2, ....

This method requires three initial points, x−2, x−1, x0, to begin the iteration. While it
is expected to inherit the 1.839... convergence order of the original Potra scheme [6], it
still necessitates the solution of a linear system involving the matrix PT

k Pk at each step.
To eliminate the computationally intensive step of solving the normal equations, we

integrate the successive inverse operator approximation technique, as demonstrated for
a secant-type method in [9]. This leads to a two-part iterative algorithm.

Let x−2, x−1, x0 ∈ D be given initial approximations to the solution x∗, and let A0

be an initial approximation to the inverse matrix (PT
0 P0)

−1. A practical choice is to
compute the initial inverse directly A0 = (PT

0 P0)
−1 [9]. For k = 0, 1, 2, ..., the proposed

method is de�ned by the following iterative scheme

xk+1 = xk −AkP
T
k F (xk),

Ak+1 = Ak(2E − PT
k+1Pk+1Ak),

(4)

where E is the identity matrix of appropriate dimension.
The structure of this algorithm is notable. The update for the inverse matrix, Ak+1,

depends on the Potra operator at the next step, Pk+1. The operator Pk+1 is de�ned as
[xk+1, xk;F ] + [xk−1, xk+1;F ]− [xk−1, xk;F ], which in turn depends on the new iterate
xk+1 computed in the �rst step. This sequential dependency is analogous to the struc-
ture used in similar methods for secant-based updates [9]. However, the Potra operator
Pk+1 has a more complex structure, depending on three distinct points xk+1, xk, xk−1,
compared to the two points used in the secant operator. This increased complexity in
the operator could in�uence error propagation in both the solution sequence {xk} and
the inverse approximation sequence {Ak}. The convergence analysis in the next section
must therefore carefully account for the contributions of all three terms within the Potra
operator when deriving error bounds.

2. Local Convergence Analysis

This section presents the main theoretical result of the paper, a proof of local con-
vergence for the proposed method. It de�nes convergence for initial points within a
speci�c radius of the solution, where distances and operator norms are measured using
the Euclidean norm, denoted by ∥ · ∥. The theorem and its proof are structured in a
manner analogous to the analysis of the secant-type method with inverse approximation
presented in [9].

Theorem 1. Let F be a nonlinear operator de�ned on an open convex set D ⊆ Rp

with values in Rm. Assume that:

1. The nonlinear least squares problem has a solution x∗ ∈ D such that F (x∗) = 0.
The operator A∗ = (F ′(x∗)

TF ′(x∗))
−1 exists and its norm is bounded by ∥A∗∥ ≤ β.

2. In a closed ball Ū(x∗, r0) = {x : ∥x− x∗∥ ≤ r0} ⊂ D, the following conditions are

satis�ed for constants C,L ≥ 0:

� max{∥F ′(x∗)∥, ∥F ′(x∗)
T ∥} ≤ C0;

� the �rst-order divided di�erence of F satis�es the Lipschitz condition ∥F ′(x∗)−
[x, y;F ]∥ ≤ L(∥x− x∗∥+ ∥y − x∗∥) for all x, y ∈ Ū(x∗, r0).
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3. The initial approximations x−2, x−1, x0 and A0 are chosen su�ciently close to x∗
and A∗ respectively, such that

r0 = max{∥x0 − x∗∥, ∥x−1 − x∗∥, ∥x−2 − x∗∥, ∥A0 −A∗∥}

satis�es q < 1, where q = max{γ1r0, γ2r20, γ3} for constants γ1, γ2, γ3 dependent on

β,C, L.

Then, the sequences {xk} and {Ak} generated by the proposed method converge to x∗
and A∗ respectively. Moreover, the following error estimates hold

∥xk − x∗∥ ≤ qtkr0,

∥Ak −A∗∥ ≤ qskr0,

where {tk} is a sequence de�ned by the third-order linear recurrence tk+1 = tk + tk−1 +
tk−2 with initial values t0 = 1, t−1 = 1, t−2 = 1, and {sk} is a related sequence.

Proof. The proof proceeds by mathematical induction. The base case for k = 0 holds
by the de�nition of r0 and the condition q < 1. We assume that the error estimates are
valid for all indices up to a given k ≥ 0.

First, we bound the norm of Ak. Using the triangle inequality and the inductive
hypothesis

∥Ak∥ ≤ ∥A∗∥+ ∥Ak −A∗∥ ≤ β + r0.

Next, we analyze the error in the solution update, xk+1

x∗ − xk+1 = x∗ − xk +AkP
T
k F (xk).

Since F (x∗) = 0, we can write F (xk) = F (xk)−F (x∗) = [xk, x∗;F ](xk−x∗). Substituting
this gives

x∗ − xk+1 = (E −AkP
T
k [xk, x∗;F ])(xk − x∗).

The core of the proof is to bound the norm of the operator Mk = E − AkP
T
k [xk, x∗;F ].

We decompose Mk as follows

Mk = A∗(A
−1
∗ − PT

k [xk, x∗;F ]) + (A∗ −Ak)P
T
k [xk, x∗;F ].

Taking norms, we get

∥Mk∥ ≤ ∥A∗∥ · ∥F ′(x∗)
TF ′(x∗)− PT

k [xk, x∗;F ]∥+ ∥Ak −A∗∥ · ∥PT
k [xk, x∗;F ]∥,

∥Mk∥ ≤ β · ∥F ′(x∗)
TF ′(x∗)− PT

k [xk, x∗;F ]∥+ ∥Ak −A∗∥ · ∥PT
k [xk, x∗;F ]∥.

The main challenge is to bound the term ∥F ′(x∗)
TF ′(x∗) − PT

k F (xk, x∗)∥. We use the
de�nition of Pk and add and subtract terms

F ′(x∗)
TF ′(x∗)− PT

k [xk, x∗;F ] = F ′(x∗)
TF ′(x∗)

− ([xk, xk−1;F ] + [xk−2, xk;F ]− [xk−2, xk−1;F ])T [xk, x∗;F ]

= (F ′(x∗)
T − PT

k )F ′(x∗) + PT
k (F ′(x∗)− [xk, x∗;F ]).
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We bound the norm of the �rst part, ∥F ′(x∗)
T − PT

k ∥

∥F ′(x∗)− Pk∥ = ∥F ′(x∗)− ([xk, xk−1;F ] + [xk−2, xk;F ]− [xk−2, xk−1;F ])∥
≤ ∥F ′(x∗)− [xk, xk−1;F ]∥+ ∥F ′(x∗)− [xk−2, xk;F ]∥+ ∥[xk−2, xk−1;F ]− F ′(x∗)∥
≤ L(∥xk − x∗∥+ ∥xk−1 − x∗∥) + L(∥xk−2 − x∗∥+ ∥xk − x∗∥)
+ L(∥xk−2 − x∗∥+ ∥xk−1 − x∗∥)
= L(2∥xk − x∗∥+ 2∥xk−1 − x∗∥+ 2∥xk−2 − x∗∥).

Using the inductive hypothesis, this is bounded by L(2r0 +2r0 +2r0) = 6Lr0. Similarly,
we can bound ∥Pk∥ ≤ ∥F ′(x∗)∥+ ∥Pk − F ′(x∗)∥ ≤ C + 6Lr0. Combining these bounds,
we �nd that ∥F ′(x∗)

TF ′(x∗)− PT
k [xk, x∗;F ]∥ is bounded by a linear combination of the

errors ∥xk − x∗∥, ∥xk−1 − x∗∥, and ∥xk−2 − x∗∥. This leads to an estimate of the form

∥xk+1 − x∗∥ ≤ (δ1∥Ak −A∗∥+ δ2∥xk − x∗∥+ δ3∥xk−1 − x∗∥+ δ4∥xk−2 − x∗∥)∥xk − x∗∥,

for some constants δi. This structure gives rise to the third-order recurrence relation for
the convergence rate.

Next, we analyze the error in the inverse approximation, Ak+1.

A∗ −Ak+1 = A∗ −Ak(2E − PT
k+1Pk+1Ak).

This can be rewritten as

A∗ −Ak+1 = (A∗ −Ak)(A
−1
∗ )(A∗ −Ak)−Ak(A

−1
∗ − PT

k+1Pk+1)A∗.

Taking norms and applying the bounds derived previously for terms like
∥A−1

∗ − PT
k+1Pk+1∥, we obtain an estimate for ∥Ak+1 − A∗∥ in terms of squares of pre-

vious errors and the errors in the new solution iterates xk+1, xk, xk−1. By choosing r0
su�ciently small, we ensure that the contraction factor q is less than 1. The constants
γ1, γ2, γ3 in the theorem statement are the coe�cients that arise from these two separate
error analyses. Speci�cally, γ1 and γ2 originate from the bound on the solution error,
while γ3 comes from the bound on the inverse matrix error. This completes the inductive
step, showing that the error estimates hold for k + 1. The convergence of the sequences
{xk} and {Ak} to x∗ and A∗ follows from these estimates as k → ∞. □

3. Numerical Results

To comprehensively evaluate the performance and robustness of the proposed Potra-
type method with successive inverse approximation, we present �ve numerical examples
of varying complexity and dimensionality. These test problems, many of which originate
from the standard collection in [5], have been selected to include systems with diverse
nonlinear characteristics, such as polynomial, exponential, and large-scale structures,
allowing for a thorough assessment of the method's accuracy, convergence speed, and
stability.

In all numerical experiments, the stopping criterion was a combination of the residual
norm, ∥F (xk)∥2 < 10−12, and the norm of the di�erence between successive iterates,
∥xk − xk−1∥2 < 10−12. A maximum of 50 iterations was imposed to handle cases of
divergence. To ensure the initial points for the iterative methods were distinct but close,
for a given starting point x0, the required historical points x−1 and x−2 were generated
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by adding small perturbations x−1 = x0 + δ1 and x−2 = x0 + δ2, where δ1 and δ2 are
small, non-collinear vectors.

All simulations were conducted in a standard Python 3 environment for numerical
computations. To ensure reliable performance metrics, CPU execution times were aver-
aged over 50 independent runs, thus mitigating the in�uence of background system noise
and transient operational conditions.

We compare our proposed Potra-type method with a secant-type method that also
uses successive inverse approximation. The key di�erence lies in the construction of the
Jacobian approximation. The secant-type method is de�ned by the update rules

xk+1 = xk −AkP
T
k F (xk), Ak+1 = Ak(2E − PT

k+1Pk+1Ak), (5)

where the operator Pk is simply the �rst-order divided di�erence, Pk = [xk, xk−1;F ].
This comparison highlights the trade-o�s between the higher computational cost per
iteration of the Potra-type operator and its potentially faster convergence rate. The
results are demonstrated in Table 1.

Example 1 (Rosenbrock function). This is a simple polynomial system in R2. The

residual function is given by:

F1(x) = 10(x2 − x2
1),

F2(x) = 1− x1.

The solution is x∗ = (1, 1)T . The initial approximation was chosen as x0 = (2, 2)T .
Example 2 (Freudenstein and Roth function). A standard benchmark problem in

R2 with polynomial nonlinearities.

F1(x) = −13 + x1 + ((5− x2)x2 − 2)x2,

F2(x) = −29 + x1 + ((x2 + 1)x2 − 14)x2.

The solution is x∗ = (5, 4)T . The initial approximation was chosen as x0 = (6, 3)T .
Example 3 (Box Three-Dimensional function). This is a data-�tting problem in-

volving exponential functions in R3. The system components are

Fi(x) = e−tix1 − e−tix2 − x3(e
−ti − e−10ti), ti = 0.1i, for i = 1, . . . , 250.

The initial approximation was chosen as x0 = (0, 20, 0)T .
Example 4 (System of Nonlinear Equations). A large-scale problem in R300 with a

cyclic structure. The components of the residual function are

Fi(x) = x2
ixi+1 − 1, for i = 1, . . . , p.

The solution is a vector of all ones, x∗ = (1, 1, . . . , 1)T . The initial approximation was

chosen as x0 = (0.96, 0.96, . . . , 0.96)T .
Example 5 (Large-Scale Exponential System). A large-scale problem in R200 with

exponential and summation terms.

Fi(x) = e−xi −
p∑

j=1,j ̸=i

xj , for i = 1, . . . , p.

The solution is a vector where all components are equal to x∗ = (0.005, 0.005, . . . , 0.005)T .
The initial approximation was chosen as x0 = (1.5, 1.5, . . . , 1.5)T .
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Table 1

Comparison of Potra-type and secant-type methods

Example Method CPU Time (s) Iterations
Rosenbrock function Potra-Type 0.001 4

(p=2, m=2) Secant-Type 0.001 3
Freudenstein & Roth function Potra-Type 0.002 13

(p=2, m=2) Secant-Type 0.003 13
Box three-dimentional Potra-Type 0.006 9

(p=3, m=250) Secant-Type 0.009 12
SNE Potra-Type 2.679 4

(p=300, m=300) Secant-Type 2.336 6
Large-scale exponential system Potra-Type 0.970 22

(p=200, m=300) Secant-Type N/A 12

The performance of the Potra-type and secant-type methods on the �ve test problems
is summarized in Table 1. The table reports the CPU time in seconds and the number
of iterations required to meet the stopping criterion.

To further investigate the stability and convergence behavior of the methods, we
generated basins of convergence for the Freudenstein and Roth function (Example 2). A
250× 250 grid of initial points was created in the domain x1 ∈ [0, 16] and x2 ∈ [2.5, 7.5].
Each point on the grid was used as an initial guess x0, and the number of iterations
required for convergence was recorded.

Fig. 1. Basin of convergence for the Potra-type method on the Freudenstein and Roth problem

The results are visualized in Figures 1 and 2. In these plots, darker colors indicate
faster convergence (fewer iterations), while white regions represent initial guesses from
which the method failed to converge within the maximum 50 iterations. The red star
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marks the location of the true solution. The wider and more contiguous the colored
region, the more robust the method is to the choice of initial approximation.

Fig. 2. Basin of convergence for the secant-type method on the Freudenstein and Roth problem.
The convergence basin appears smaller and more fractured compared to the Potra-type method

The results in Table 1 empirically con�rm the central hypothesis of this work. For
some test problem, the proposed method (3)-(4) requires a slightly higher number of
iterations to converge compared to the baseline method (5). This is an expected con-
sequence of introducing an approximation for the inverse operator, which can modestly
slow the rate of convergence.

However, the crucial result is observed in the computation times. For all problems,
(3)-(4) is faster than (5). The time savings are modest for the small-scale problems
(Rosenbrock, Beale, etc.) but become substantial for the problems with higher dimen-
sions or more function evaluations. For the Box three-dimensional function (m = 250)
and the SNE problem (m = 300) the proposed method shows a reduction in CPU time.
This demonstrates that the computational cost saved by avoiding the direct solution of
the p× p linear system at each step outweighs the cost of the extra iterations required.

4. Conclusions

This paper has introduced and analyzed a new Potra-type method with successive
inverse operator approximation for solving nonlinear least squares problems. The method
combines the high-order convergence properties of the Potra scheme, which uses only �rst-
order divided di�erences, with a computationally e�cient technique for approximating
the required inverse matrix at each step.

The theoretical contribution of this work is a local convergence analysis, which es-
tablishes su�cient conditions under which the sequences of solution iterates and inverse
matrix approximations converge to the true solution and the true inverse, respectively.
The analysis con�rms that the method retains the convergence order characteristic of
the underlying Potra scheme.

The practical implications of the method have been demonstrated through compre-
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hensive numerical experiments. The results show a clear trade-o�: the proposed method
typically may require more iterations to converge than a baseline secant-type method
that computes the matrix inverse directly at each step. However, by replacing the costly
linear system solve with inverse matrix approximation, the proposed method achieves a
lower computational cost per iteration. This leads to a reduction in the total computa-
tion time, a bene�t that becomes more pronounced as the dimensionality of the problem
increases. This �nding validates the primary motivation for the method's development.

The proposed algorithm is particularly well-suited for large-scale nonlinear least
squares problems where the cost of forming and solving the normal equations is the
dominant computational bottleneck. Future research could explore the globalization of
this method through the incorporation of line search or trust-region strategies, its exten-
sion to handle constrained optimization problems, and the investigation of alternative,
potentially higher-order, schemes for approximating the inverse operator [2].
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Ó öié ñòàòòi ïðåäñòàâëåíî ðiçíèöåâèé ìåòîä äëÿ ÷èñåëüíîãî ðîçâ'ÿçóâàííÿ íåëi-
íiéíèõ çàäà÷ íàéìåíøèõ êâàäðàòiâ (ÍÇÍÊ). Êëàñè÷íi àëãîðèòìè äëÿ ÍÇÍÊ, çîêðåìà
ìåòîä Ãàóñà-Íüþòîíà, ÷àñòî óñêëàäíþþòüñÿ íåîáõiäíiñòþ íà êîæíié iòåðàöi¨ ðîçâ'ÿçóâàòè
ùiëüíó ëiíiéíó ñèñòåìó ðiâíÿíü, ùî ìîæå âèêëèêàòè ïåâíi îá÷èñëþâàëüíi ïðîáëåìè ó
çàäà÷àõ, çîêðåìà ó âèïàäêó âåëèêî¨ ðîçìiðíîñòi ñèñòåì. Ùîá ïîäîëàòè öå îáìåæåííÿ,
çàïðîïîíîâàíèé àëãîðèòì ïî¹äíó¹ äâi ïîòóæíi òåõíiêè. Ïî-ïåðøå, âií âèêîðèñòîâó¹
iòåðàöiéíèé ìåòîä òèïó Ïîòðà, ùî çàáåçïå÷ó¹ øâèäêiñòü çáiæíîñòi 1.839. . . i  ðóí-
òó¹òüñÿ ëèøå íà ïîäiëåíèõ ðiçíèöÿõ ïåðøîãî ïîðÿäêó, ðîáëÿ÷è ìåòîä ïðèäàòíèì
íàâiòü äëÿ çàäà÷ iç íåäèôåðåíöiéîâíèìè îïåðàòîðàìè. Ïî-äðóãå, ùîá óñóíóòè ïðîëåìó
îá÷èñëåííÿ îáåðíåíî¨ ìàòðèöi, àëãîðèòì iíòåãðó¹ ïîñëiäîâíó àïðîêñèìàöiþ îáåðíåíîãî
îïåðàòîðà, çàìiíþþ÷è ïîøóê îáåðíåíî¨ ìàòðèöi ëiíiéíî¨ ñèñòåìè áiëüø åôåêòèâíèìè
ìíîæåííÿìè. Ïðàêòè÷íó åôåêòèâíiñòü àëãîðèòìó ïåðåâiðåíî çà äîïîìîãîþ ÷èñåëüíèõ
åêñïåðèìåíòiâ íà íàáîði òåñòîâèõ çàäà÷ ÍÇÍÊ ðiçíîãî òèïó. Ïîäàíî ïîðiâíÿëüíèé
àíàëiç iç ðiçíèöåâèì ìåòîäîì òèïó õîðä ç àïðîêñèìàöi¹þ îáåðíåíîãî îïåðàòîðà.
Ðåçóëüòàòè åìïiðè÷íî ïiäòâåðäæóþòü ïðèïóùåííÿ � ùî õî÷à çàïðîïîíîâàíèé àëãîðèòì
ìîæå âèìàãàòè â äåÿêèõ âèïàäêàõ äåùî áiëüøî¨ êiëüêîñòi iòåðàöié, âií ÿê ïðàâèëî
çàáåçïå÷ó¹ ìåíøèé çàãàëüíèé ÷àñ îá÷èñëåíü çàâäÿêè çíèæåííþ âàðòîñòi îäíi¹¨ iòåðàöi¨.
Öÿ ïåðåâàãà îñîáëèâî âèðàçíà äëÿ çàäà÷ âåëèêî¨ ðîçìiðíîñòi, ùî ïiäêðåñëþ¹ ïîòåíöiàë
ìåòîäó ÿê íàäiéíîãî é åôåêòèâíîãî iíñòðóìåíòà äëÿ îá÷èñëþâàëüíî ñêëàäíèõ çàäà÷
íåëiíiéíèõ íàéìåíøèõ êâàäðàòiâ.
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