
https://www.aimspress.com/journal/Math

AIMS Mathematics, 11(2): 4691–4704.
DOI: 10.3934/math.2026191
Received: 16 September 2025
Revised: 06 November 2025
Accepted: 18 November 2025
Published: 26 February 2026

Research article

A numerical LP-Newton method for solving linear programming using
separating hyperplanes

Yuki Matsuno*

Graduate School of Management, Tokyo University of Science, 1-11-2 Fujimi, Chiyoda-ku, Tokyo
102-0071, Japan

* Correspondence: Email: yuhki908@gmail.com, 8623702@ed.tus.ac.jp.

Abstract: We propose an LP-Newton-type method for linear programming (LP) with box constraints.
In the standard LP-Newton method, each iteration computes a separating hyperplane using the Wolfe
algorithm to find the minimum-norm point in a convex polytope. Because this inner routine can be
computationally expensive in the worst case (and the Wolfe algorithm may require exponential time),
we replace it with a simpler procedure that separates the origin from the convex hull of projected points.
This change retains the Newton-type iterative framework while avoiding a potentially intractable inner
routine, because the separating hyperplane can be constructed much more efficiently. We also derive an
upper bound on the number of iterations. In our experiments, the resulting Naive Separation Algorithm
(NSA) ran faster in some settings than the simplex method, which is often cited as one of the Top 10
Algorithms of the 20th Century [1]. These results suggest that this direction may lead to efficient
algorithms for box-constrained LP.
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1. Introduction

Linear Programming (LP) is one of the most fundamental problems in mathematical optimization,
and has played a central role in a wide range of disciplines including operations research, economics,
engineering, and computer science.

The simplex method for solving LP was proposed by Dantzig in 1947 [2], and owing to its
remarkable computational efficiency in practice, it has been widely adopted as the standard method
and is listed in Top 10 algorithms of the 20th century [1]. However, the example of Klee and
Minty demonstrated that the simplex method requires exponential time in the worst case [3], thereby
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facing a fundamental challenge in terms of computational complexity. Subsequently, polynomial-time
algorithms were established: the ellipsoid method by Khachiyan in 1979 [4], Karmarkar’s interior
point method in 1984 [5], and primal-dual interior point methods by Kojima, Mizuno, and Yoshise as
well as by Megiddo [6–8].

From the perspective of industrial applications, LP has consistently expanded from classical to
modern domains. A representative early application is Hitchcock’s transportation problem [9], which
formulated logistics connecting supply sources and demand destinations as an LP, enabling decision-
making in freight minimization, resource allocation, and supply chain design involving factories,
warehouses, and retailers. The seminal work of Dantzig, Fulkerson, and Johnson on the traveling
salesman problem (TSP) [10] combined LP with the cutting-plane method to tackle large-scale
combinatorial optimization, thereby demonstrating the practical utility of LP in complex planning
problems. Furthermore, the maximum flow algorithm by Ford and Fulkerson [11] laid the foundation
for infrastructure optimization, including capacity allocation and redundant routing in networks, with
wide-ranging applications in electricity, communication, and transportation systems.

In recent years, LP has continued to evolve toward new industrial challenges. Robust LP, developed
by Ben-Tal and Nemirovski [12], explicitly accounts for data and constraint uncertainty, providing
solutions that remain reliable under demand fluctuations and supply risks. This approach has improved
the robustness of planning across manufacturing, logistics, finance, and energy industries. Online LP,
introduced by Agrawal, Wang, and Ye [13], addresses dynamic allocation of resources as data arrive
sequentially, with applications to digital industries such as online advertising, revenue management,
and real-time inventory allocation. In data science, Chen, Donoho, and Saunders proposed the Basis
Pursuit formulation [14], which enables sparse signal recovery via ℓ1 minimization cast as an LP.
This work established LP as a key framework in compressed sensing, feature selection, and sparse
regression, thereby positioning LP as a foundation not only in optimization but also in machine learning
and modern data analysis. In this manner, LP has maintained a central role from classical applications
to contemporary industrial problems.

On the theoretical side, the existence of a strongly polynomial-time algorithm for LP remains
unresolved. Ye demonstrated strong polynomiality for a special class of Markov decision
problems [15], and Mizuno proposed a strongly polynomial simplex method for totally unimodular
LPs [16]. Nevertheless, the problem remains unsolved for general LP, representing a fundamental
open question in complexity theory and algorithm design.

Within this context, Fujishige et al. proposed the LP-Newton method for LP with box constraints,
based on zonotopes [17]. This was later extended to standard form LP by Kitahara, Mizuno, and
Shi [18] and extended the LP-Newton framework to conic programming problems by Tanaka and
Okuno [19]. Kitahara and Sukegawa introduced a simple projection algorithm [20], while the author
of this paper and Shi recently developed a finite-termination variant that circumvents the Wolfe
algorithm [21] and preserves Newton-type structures.

The LP-Newton method is fundamentally based on the minimum norm point problem, which seeks
a separating hyperplane by locating the point in the convex hull nearest to the origin. Wolfe proposed
an efficient algorithm for this problem [22], and Fujishige and Zhan reformulated it as maximizing the
distance between a convex hull and a supporting hyperplane [23]. Subsequent studies extended this line
of work to intersections with hyperplanes [24,25] and to the minimum norm point problem between two
convex hulls [26], and more recently, theoretical developments such as [27] have also been reported.
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From an application perspective, the minimum norm point problem arises in numerous contexts: it
is equivalent to minimizing over a base polyhedron in submodular function minimization [28–30], is
employed in combinatorial optimization and regularization in machine learning [31], and the mixing
problem [32] as well as large-scale portfolio optimization [33].

Nevertheless, the Wolfe algorithm is known to exhibit exponential complexity in the worst case [34].
Therefore, the LP-Newton method may inherit the same computational difficulties because the method
relies on repeated calls to this subroutine to create a separating hyperplane.

In this study, we propose a new LP-Newton method that directly creates a separating hyperplane
without using the Wolfe algorithm.

The contributions of this study are summarized as follows:

(1) We propose an alternative to the minimum norm point algorithm for computing separating
hyperplanes, allowing such hyperplanes to be obtained more easily.

(2) Inspired by the fact that classical Newton methods generally exhibit quadratic convergence, we
design the algorithm to preserve the Newton-type iterative structure.

(3) We theoretically establish that the proposed separating procedure exhibits asymptotic
convergence.

(4) We show that the proposed method is easier to implement than conventional approaches that rely
on solving the minimum norm point problem.

(5) In the preliminary experiments, the proposed method outperformed the simplex method in terms
of computation time under certain conditions.

The remainder of this paper is organized as follows. Section 2 reviews the LP-Newton method of
Fujishige and its connection with the minimum norm point problem, highlighting its computational
bottlenecks. Section 3 introduces the proposed separating-hyperplane-based algorithm and describes
its integration into Newton-type iterations. Section 4 reports numerical experiments on box-constrained
LPs, comparing the performance of the proposed approach with existing methods. Finally, Section 5
concludes the paper and outlines future research directions.

2. LP-Newton method

In this section, we summarize Fujishige’s LP-Newton algorithm proposed in [17]: Consider the
following linear programming:

maximize
x

c⊤x

subject to Ax = b, (2.1)
x ∈ B := {x | l ≤ x ≤ u}.

We consider the standard form with data A ∈ Rm×n, b ∈ Rm, and c, ℓ,u ∈ Rn. The decision variable
is x ∈ Rn subject to ℓ ≤ x ≤ u. The symbol “⊤” is the transpose of a vector or matrix, “:=” denotes
that the left-hand side is defined to be equal to the right-hand side. An algorithm in this context for the
standard form of problem (2.1) can be found in [18].

Linear optimization is more manageable on a zonotope. Hereafter, a zonotope Z̄ is defined as

Z̄ :=
{
z̄ ∈ Rm+1

∣∣∣ z̄ = Āx, l ≤ x ≤ u
}
, (2.2)
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where

Ā :=
[

A
c⊤

]
∈ R(m+1)×n.

Therefore, problem (2.1) can be recast as

maximize γ

subject to
[
b
γ

]
∈ Z̄. (2.3)

Let x̂0 := (x̂10, . . . , x̂n0)⊤ with

x̂ j0 :=

u j, if c j > 0,
l j, otherwise,

(2.4)

then γ0 := c⊤ x̂0 is an upper bound of the (m + 1)st coordinate value on the zonotope Z̄.
Fujishige’s LP-Newton algorithm starts with b̄0 :=

(
b⊤, γ0

)⊤. Suppose that b̄k is given at the kth
iteration. The algorithm finds z̄k+1 := arg min{∥y − b̄k∥ | y ∈ Z̄} by using the Wolfe algorithm. At the
end of the iteration, a vertex subset Jk of the box B, consisting of elements x̄i, is obtained such that

z̄k+1 =
∑
x̄i∈Jk

λi

(
Āx̄i

)
, (2.5)∑

same i as x̄i∈Jk

λi = 1, λi > 0. (2.6)

Then b̄k+1 is updated by the intersection of the following hyperplane Hk and the line L:

b̄k+1 := Hk( z̄k+1) ∩ L, (2.7)

where Hk( z̄k+1) :=
{
x | z̄⊤k+1x = z̄⊤k+1 z̄k+1

}
and L :=

{
(b⊤, γ)⊤ | ∀γ ∈ R

}
. The LP-Newton algorithm is

summarized below.
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Algorithm 1 LP-Newton method
Require: A linear programming problem of the form (2.1).
Ensure: An optimal solution x∗ to problem (2.1), or declare infeasible.

1: Define the set J0 corresponding to the point x̂0 in (2.4), set γ0 := c⊤ x̂0, and k := 0.
2: while true do
3: Set b̄k :=

(
b⊤, γk

)⊤.
4: Compute z̄k+1 := arg min

{
∥y − b̄k∥

∣∣∣ y ∈ Z̄
}
.

5: Compute b̄k+1 by (2.7), and express z̄k+1 :=
(
z⊤k+1, ξk+1

)⊤
.

6: Update the set Jk using (2.5) and (2.6).
7: if

∥∥∥ z̄k+1 − b̄k

∥∥∥ ≤ ε then
8: Set x∗ :=

∑
x̄i∈Jk
λi x̄i.

9: return x∗

10: end if
11: if ξk+1 > γk then
12: return infeasible
13: end if
14: Update γk+1 := ξk+1 −

∥b−zk+1∥
2

γk−ξk+1
.

15: Set k := k + 1
16: end while

Note that the Wolfe algorithm terminates after a finite number of steps. The same is true for the
LP-Newton algorithm [17].

3. Naive separation algorithm (NSA)

At Step 4, Fujishige’s LP-Newton algorithm relies on the Wolfe minimum norm point algorithm.
In this study, we introduce an algorithm generating a supporting hyperplane to separate the zonotope
from the origin as an alternative to the Wolfe algorithm.

Let p1, . . . , pN be given points in Rn and P = {p1, . . . , pN}, and assume that the origin 0 does not
belong to the convex hull C(P). The following separation theorem is well-known in convex analysis.
Theorem 3.1 (Separation theorem). If C(P) does not contain 0, then there exist a unit vector x∗ and a
constant γ > 0 such that

x∗⊤p ≥ γ (∀p ∈ P),

i.e., γ = min
p∈P

x∗⊤p > 0.

Suppose that xk is obtained in the algorithm. We have the following stopping criterion for
Algorithm 2.

Lemma 3.1 (Stopping criterion implies separation). Let δk := minp∈P h⊤k p. If δk > 0, then the
hyperplane

H(hk) := {x | h⊤k x = δk}

separates C(P) from the origin.
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The proposed separation algorithm is summarized below.

Algorithm 2 Naive Separation Algorithm (NSA)
Require: Vertex set P (with 0 < C(P)), tolerance ε > 0, parameter η ∈ (0, 1)
Ensure: Normal vector h∗ and intercept γ∗

1: k := 0, set x0 := pj for some pj ∈ P and h0 := x0/∥x0∥

2: while true do
3: pk ∈ arg minp∈P h⊤k p
4: if h⊤k pk > ε then
5: return h∗ := hk, γ

∗ := h⊤k pk

6: else
7: θk :=

p⊤k (pk − xk)
∥pk − xk∥

2

8: αk := min{max{θk, 0}, 1 − η}
9: xk+1 := αkxk + (1 − αk)pk

10: hk+1 := xk+1/∥xk+1∥

11: k := k + 1
12: end if
13: end while

At Step 8, the step size αk is chosen as min{max{θk, 0}, 1 − η} so that the update in Step 9 keeps
xk+1 inside the convex hull C(P). Since xk and pk lie in C(P), their convex combination xk+1 also lies
in C(P). Under the following additional assumption: the point pk selected in Algorithm 2 satisfies
h∗⊤pk = γ, where γ = minp∈C(P) h∗⊤p, the convergence analysis with respect to the fixed normal vector
h∗ becomes tractable, and we obtain the following result.

Theorem 3.2 (Asymptotic convergence). Let h∗ ∈ Rn be a fixed normal vector and define γ :=
minp∈C(P) h∗⊤p, dk := h∗⊤xk − γ (≥ 0). Assume that the point pk selected in Algorithm 2 always satisfies
h∗⊤pk = γ. Then the update rule of Algorithm 2 yields

dk+1 = αkdk ≤ (1 − η)dk.

Consequently, dk → 0 as k → ∞.

Proof. Applying h∗⊤ to the update xk+1 = αkxk + (1 − αk)pk gives

h∗⊤xk+1 = αkh∗⊤xk + (1 − αk)h∗⊤pk.

Since h∗⊤pk = γ by assumption,

dk+1 = h∗⊤xk+1 − γ = αk(h∗⊤xk − γ) = αkdk.

Because αk ≤ 1 − η, it follows that dk+1 ≤ (1 − η)dk, and hence dk → 0. □

Building upon the asymptotic convergence established in Theorem 3.2, we next derive a theoretical
upper bound on the number of iterations required for the NSA algorithm to achieve a specified accuracy.
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Theorem 3.3 (Upper bound of NSA). Suppose that dk := h∗⊤xk − γ (≥ 0) is defined with the same
fixed normal vector h∗ and constant γ as in Theorem 3.2. If

k =
⌈

log(d0/ε)
log(1/(1 − η))

⌉
,

then dk ≤ ε holds.

Proof. From Theorem 3.2, the update in Algorithm 2 satisfies

dk+1 = αkdk ≤ (1 − η)dk, 0 ≤ αk ≤ 1 − η.

By induction,
dk ≤ (1 − η)kd0.

To ensure dk ≤ ε, it suffices that
(1 − η)kd0 ≤ ε,

which is equivalent to

k ≥
log(ε/d0)
log(1 − η)

=
log(d0/ε)

log(1/(1 − η))
.

Taking the smallest such integer yields the desired bound. □

4. Numerical experiments

In this section, we present numerical experiments to evaluate the effectiveness of NSA. We consider
two classes of linear programs: (i) a standard-form LP with box constraints (Type 1) and (ii) an ℓ1-
minimization problem (Type 2). For each class, we benchmark NSA against representative classical
and modern algorithms.

4.1. Type 1: Standard-form LP with box constraints

Following the problem setting used for evaluating the LP-Newton method in [17], we consider the
following linear programming problem with box constraints:

maximize
x

c⊤x (4.1)

subject to Ax = b,
l ≤ x ≤ u.

The data for this problem are generated as follows:

• Each entry of the coefficient matrix A ∈ Rm×n is independently drawn from the uniform
distributionU[0, 1].
• Each entry of the objective coefficient vector c ∈ Rn is independently sampled from the uniform

distributionU[−0.5, 0.5].
• The true solution xtrue ∈ [0, 10]n is generated from the uniform distributionU([0, 10]n).
• The right-hand side vector b is computed as b = Axtrue.
• The box constraints are set as l = 0 and u = 10 × 1.
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4.2. Type 2: ℓ1-minimization problem

Next, we consider the ℓ1-minimization problem, which plays a central role in sparse signal recovery
and compressed sensing, as discussed in [14, 35]:

minimize
x

∥x∥1 (4.2)

subject to Ax = b,
l ≤ x ≤ u.

The data for this problem are generated as follows:

• Each entry of the coefficient matrix A ∈ Rm×n is independently drawn from the standard normal
distribution N(0, 1).
• The true solution xtrue is a sparse vector in [0, 10]n, where the number of nonzero entries is at most

10% of n.
• The right-hand side vector b is computed as b = Axtrue.
• The box constraints are set in the same way as in Type 1: l = 0 and u = 10 × 1.

4.3. Compared methods and experimental settings

We compare five methods: the simplex method, the primal-dual interior point method, the LP-
Newton method based on the Wolfe algorithm, the LP-Newton method with Perceptron, and the
LP-Newton method with NSA. For the simplex and interior point methods, both Type 1 and Type 2
problems are first converted into standard equality form before being solved.

Computational settings. The method-specific settings are as follows:

• Simplex method: We adopt a two-phase procedure to obtain an initial feasible solution. To avoid
cycling and guarantee finite termination, we use Bland’s rule for selecting entering and leaving
basic variables.
• Primal-dual interior point method: The primal and dual variables are updated using Mehrotra’s

predictor-corrector steps. Step-size control and automatic adjustment of the barrier parameter are
employed to ensure stable convergence.
• LP-Newton method: Based on [17, 22], parameters related to the stopping criteria are adjusted

appropriately.
• LP-Newton method with Perceptron: For the separation process, the Perceptron algorithm,

which is widely used in the field of machine learning, was employed. The maximum number
of iterations was set to 106, and the stopping tolerance for the separation theorem was set to
ε = 10−10.
• LP-Newton method with NSA: The step-size parameter is set as η = 10−3, the maximum number

of iterations is 106, and the stopping tolerance is ε = 10−10.

All experiments were conducted on a MacBook Air (2022, Apple M2, 8-core CPU, 8GB RAM)
running macOS 14.6.1 with MATLAB R2024a. Runtime was measured using CPU time. Each
experiment was performed 10 times, and the average runtime was reported. In the numerical evaluation,
we computed the objective gap with respect to the optimal values of problems (4.1) and (4.2),
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corresponding to the Type 1 and Type 2 formulations, respectively. We compare all five methods
for (m, n) ∈ {10, 30, 50, 100, 110} × {200, 350, 500}, and the results are summarized in Tables 1 and 2.

Table 1. Average CPU time (in seconds, 10 trials) for various methods and (m, n) dimensions
(Type 1 problems).

Dimension (m, n) Simplex
method

Primal-dual
interior point
method

LP-Newton
(Wolfe)

LP-Newton
(Perceptron)

LP-Newton
(NSA)

(10, 200) 2.7 0.04 0.05 3.1 1.5
(10, 350) 9.0 0.05 0.07 4.4 2.8
(10, 500) 20.2 0.16 0.07 4.9 3.4
(30, 200) 11.2 0.11 0.4 9.5 3.9
(30, 350) 56.2 0.36 0.5 12.9 5.2
(30, 500) 124.1 0.29 0.5 19.7 6.7
(50, 200) 23.2 0.35 2.0 17.8 6.2
(50, 350) 109.7 0.65 25.5 341.8 140.9
(50, 500) 275.1 0.51 21.4 477.6 148.0
(100, 200) 164.0 0.65 110.7 1193.5 181.0
(100, 350) 1361.6 3.73 167.5 1226.8 187.6
(100, 500) 4227.8 2.05 231.6 1259.0 211.6
(110, 200) 167.9 0.85 292.1 1146.5 222.6
(110, 350) 1708.5 1.74 445.0 1071.8 188.5
(110, 500) 4563.0 4.96 558.6 1299.3 214.7

Table 2. Average CPU time (in seconds, 10 trials) for various methods and (m, n) dimensions
(Type 2 problems).

Dimension (m, n) Simplex
method

Primal-dual
interior point
method

LP-Newton
(Wolfe)

LP-Newton
(Perceptron)

LP-Newton
(NSA)

(10, 200) 6.09 0.07 0.08 1.8 2.7
(10, 350) 21.9 0.12 0.3 105.9 130.3
(10, 500) 52.6 0.19 0.5 107.9 97.6
(30, 200) 28.3 0.36 0.6 5.1 6.6
(30, 350) 120.2 0.79 4.0 187.3 210.1
(30, 500) 323.2 0.66 4.6 219.4 190.6
(50, 200) 60.7 0.57 13.7 147.4 125.3
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Dimension (m, n) Simplex
method

Primal-dual
interior point
method

LP-Newton
(Wolfe)

LP-Newton
(Perceptron)

LP-Newton
(NSA)

(50, 350) 296.0 0.82 20.6 296.0 146.9
(50, 500) 816.8 0.95 30.4 303.9 208.7
(100, 200) 514.0 3.23 82.4 247.5 306.1
(100, 350) 3551.1 2.84 192.3 400.0 287.5
(100, 500) 9560.9 6.75 241.6 425.8 369.6
(110, 200) 552.8 3.34 181.7 224.7 299.5
(110, 350) 3985.5 3.09 259.1 367.9 350.0
(110, 500) 10540.7 6.90 622.5 444.5 389.1

Preliminary results suggest that NSA is competitive and, in some instances, achieves superior
performance on large-scale problems (e.g., (m, n) = (100, 500)). As the problem size increases, the
runtime becomes comparable to that of the LP-Newton algorithm based on the Wolfe algorithm,
despite the latter requiring exact minimum norm point computations. Furthermore, when compared
under identical settings, the primal-dual interior point method exhibited the fastest and most stable
convergence, especially for medium to large-scale problems.

To evaluate accuracy, Table 3 reports the objective gaps of NSA against the exact optimal values.

Table 3. Average objective gap (10 trials) of NSA.

(10, 200) (10, 350) (10, 500) (30, 200) (30, 350) (30, 500) (50, 200) (50, 350)

Type 1 0.010 0.006 0.009 0.060 0.050 0.120 0.150 0.120
Type 2 0.019 0.016 0.010 0.064 0.050 0.072 0.112 0.075

(50, 500) (100, 200) (100, 350) (100, 500) (110, 200) (110, 350) (110, 500)

Type 1 0.130 0.640 0.460 0.380 0.720 0.520 0.420
Type 2 0.072 0.326 0.172 0.140 0.428 0.219 0.152

Table 3 shows that NSA tends to suffer from larger objective gaps as the number of constraints m
increases, particularly in Type 1 problems. On the other hand, relatively high accuracy was maintained
in high-dimensional settings with large n, which was consistently observed across experiments.

To quantitatively analyze these trends, we conducted a second-order polynomial regression of the
objective gap with respect to the number of constraints m and variables n. The resulting approximation
is given by:

gap(m, n) ≈ 0.0054 · m − 0.0007 · n + 0.000036 · m2 − 0.000012 · (m · n) + 0.000001 · n2 + 0.0243.

This regression model clearly indicates that the number of constraints m has a dominant positive impact
on the gap, leading to accuracy degradation as m increases. In contrast, the effect of n is relatively
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minor, and in some cases, better accuracy was observed in higher-dimensional settings. These findings
suggest that NSA remains applicable even in large-scale problems with high variable dimensions.

To evaluate the reliability of this regression model, we computed the coefficient of determination
R2 and the root mean squared error (RMSE). The results showed that R2 = 0.989 and RMSE was
approximately 0.0247, indicating that the model fits the observed data well.

To further examine the structural characteristics of the gap behavior, we applied the Clough-Tocher
interpolation method to the observed discrete data. This method is a multivariate generalization of
Lagrange interpolation that constructs a piecewise quadratic spline over a triangulated domain and
ensures global C1 continuity while passing exactly through all observed points. It is particularly
effective in capturing local variations and nonlinearities that are difficult to express using global
polynomial regression.

From the resulting smooth interpolation surface, we sampled 200 internal points and performed
another second-order polynomial fit, which yielded the following approximation:

gap(m, n) ≈ −0.0437 + 5.7425 × 10−3 · m − 3.7219 × 10−4 · n + 3.8252 × 10−5 · m2 − 1.3613 × 10−5 · (m · n) + 1.3173 × 10−6 · n2.

This interpolated expression also indicates that the increase in the objective gap is primarily driven by
the number of constraints m, and it is consistent with the regression-based findings. The result provides
additional structural insight into the numerical characteristics of NSA.

Finally, we compare the LP-Newton method based on the Perceptron, which is categorized as a first-
order method. For Type 1 problems, the LP-Newton method with NSA consistently outperformed the
Perceptron-based methods, achieving up to six times faster performance improvement in large-scale
instances. In Type 2 problems, the Perceptron-based method exhibited slightly better performance
on small-scale instances; however, the LP-Newton method with NSA was more stable and faster
for medium- and large-scale problems. Moreover, for Type 1 problems, the optimality error
of the LP-Newton method with Perceptron increased rapidly with problem size, growing from
approximately 0.03 in small instances to significantly larger values in large-scale cases. In contrast,
as shown in Table 3, the LP-Newton method with NSA maintained consistently small errors across
all scales and preserved high accuracy even in large problems, demonstrating its superiority in the
separating-hyperplane strategy.

5. Conclusions

This paper proposes a new LP-Newton algorithm that constructs separating hyperplanes
asymptotically, thereby eliminating the need for the Wolfe algorithm in solving linear programming
problems with box constraints.

In a series of pilot numerical experiments, NSA exhibited longer computation times than the LP-
Newton method based on the Wolfe algorithm on small-scale instances. However, as the problem
size increased, this difference diminished, and comparable performance was observed at (m, n) =
(100, 500). Experiments with larger instances could not be completed due to numerical precision
limitations in the current computational environment. Compared with the LP-Newton method using the
Perceptron, NSA exhibited more stable performance. On the other hand, similar to other methods, NSA
also faces challenges in constructing high-quality separating hyperplanes near the optimal solution.

As reported in [17], computation time tends to increase significantly as m grows, and our results are
consistent with this observation. Similarly, the relatively minor effect of n on computation time also
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agrees with previous findings. Given these trends, it is reasonable to expect that the observed behavior
may persist even for larger-scale problems, suggesting the potential applicability of the proposed
method to high-dimensional settings.

A potential direction for future work is to enhance the current approach, which updates hyperplanes
based on two points, by exploring constructions that incorporate multiple points simultaneously.
Related strategies can also be found in the Dual Approach [23]. Although the present experiments
achieved accuracy up to approximately one significant digit, introducing hyperplane rotations may lead
to more precise optimization. It was also observed that the hyperplane algorithm requires substantially
more computation time when the distance between the convex hull and the origin is small. Therefore,
an alternative approach worth exploring is the direct computation of the intersection between a convex
hull and a line, which may be applicable to the initialization of algorithms such as NSA in this study.
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