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Abstract 

The paper considers a minimization problem where the 
objective is the sup-norm of a linear mapping with linear 
constraints. The methods presented are based on the con- 
cepts and operations of the adaptive method of linear pro- 
gramming with a new variant support matrix called coor- 
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dinator support but at the same time specific features of 
Min-Max problems will be taken into consideration. Here 
the optimality and the suboptimality criteria are 
formulated. The iteration from an interior point allows to 

obtain an ε-optimal solution with a precision ε ≥ 0 chosen 

in advance. Results of numerical experiments are presented 
which include a pro- gram of this approach. 

Math. Subject Classification: 49K35, 90C05, 90C47. 
Key Words and Phrases: Linear programming, Min- 

Max problems, Adaptive method. 

 

1 Introduction 

Many problems arising from industry can be modeled as mathe- 
matical programs, requiring the maximization or minimization of 
multi-objective function subject to constraints in the form of equal- 
ities or inequalities. Operations research techniques have been de- 
veloped to deal with some of these problems (see [5], [19], [25], [27], 
[30]). 
Nowadays the theory of Min-Max problems using L∞ norm is one 
of the most developed classes of nonsmooth optimization (see [3], 
[4], [14], [26]). 
The Min-Max absolute residual procedure was first proposed by 
Laplace in 1786 and developed over the next 40 years by Prony, 
Cauchy, Fourier, and Laplace himself. More recent contributions 
to this traditional literature include those of De la Vall é e Poussin 
and Stiefel [14]. 
There exit many successful numerical methods for solving non- 
differentiable optimization problems that can be applied to the 
linear Min-Max problems under consideration for example sub- 
gradient methods (see [1], [2], [3], [7], [18], [26]). 
The traditional approach to solve linear Min-Max problems is to 
formulate an equivalent linear programming problem and to solve 
it by structure exploiting modifications of primal or dual simplex 
method of Dantzig in 1949 (see [4], [12], [31]) and variants of this 
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approach is still developed (see [4], [10], [24]). 
Gabasov and Kirillova have generalized the simplex method in 1995 
(see [15], [18], [20]), developed the adaptive method and later, its 
modification (see [7], [9], [23]) for linear programming problems 
given in [16]. The principe adaptive methods have been used for 
the solution of optimal control problems discrete and continuous, 
as well as for the construction of feedback controls (see [11], [17], 
[25]). It is an interior point method which can start from any fea- 
sible solution and any support in order to get an optimal solution 
(see [6], [7], [9], [13], [21], [22], [28], [29]), also it can stop the so- 
lution process according to suboptimality criterion and obtain an 
ε-optimal solution with a precision ε > 0 chosen in advance. 
This paper is organized as follows: In section 2, we present the 
statement of the problem to solve a Min-Max problem with abso- 
lute value functions. In section 3, we construct a new concepts of 
the support matrix for the problem. The proofs for the theorem of 
the optimality and suboptimality criterion will be presented in sec- 
tion 4, 5 and 6. An algorithm allows to solve directly the considered 
problem, without modifying it and avoids the drawbacks of the in- 
crease in the number of the variables and the constraints in section 
7, thus, improve the convergence speed of the method. Results of 
numerical experiments are presented which include a program of 
this approach. 

 

2 Statement of the problem 

We Consider the following Min-max problem with linear constraints: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒       𝑓(𝑥) = max
𝑙 ∈ 𝐿

|𝑐𝑙 𝑥 +  𝑑𝑙| , 

s.t.                   𝐴𝑥 = 𝑏                         (2.1) 

             𝑑∗ ≤  𝑥 ≤  𝑑
∗ 
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Where 𝐴 = 𝐴(𝐼, 𝐽) = (𝑎𝑖
𝑡  (𝐽)  ,
𝑖 ∈ 𝐼

)   is an   𝑚 × 𝑛 −matrix with 

rang A = m ≤ n , b = b(I) = (bi, i ∈ I) ∈ Rm , I = {1, 2, ..., m} , 

𝑥 = 𝑥(J) = (𝑥j  , j ∈ J) ∈ Rn , d∗ = d∗(J) = (d∗j , j ∈ J) ∈ Rn , 

d∗ = d∗(J) = (d∗  , j ∈ J) ∈ Rn , J = {1, 2, ..., n} , 

cl (J) = (clj , j ∈ J) ∈ Rn ,  dl ∈ R , 𝑙 ∈ L = {1, 2, ... , 𝑙∗} . 

Definition 1. Any n-vector 𝑥 satisfying the general system 
A 𝑥 = b and the box d∗ ≤ 𝑥 ≤ d∗ constraints is called a 
feasible solution of problem (2.1). 
We denote the set of feasible solutions by X . 

Definition 2. A feasible solution 𝑥0 is optimal in problem 
(2.1) if f (𝑥0) ≤ f (𝑥) for all 𝑥 ∈ X . 
For a given ϵ > 0 , 𝑥 ϵ  is a suboptimal ( ϵ−optimal ) feasible 
solution if f (𝑥 ϵ) − f (𝑥) ≤ ϵ. 

 
One of the classical solution method for problem of type (2.1) 

consists in reformulation them as linear programming problems and 
subsequent application of any linear programming method (for ex- 
ample, simplex method). 
In the present paper we replace problem (2.1) by the following linear 
programming problem: 

Minimize  𝑥0 , 

s.t. − 𝑥0 ≤ c t𝑥 + dl ≤ 𝑥0 ,  𝑙 ∈ L ; (2.2) 

at 𝑥 = bi , i ∈ I ; 

d∗ ≤ 𝑥 ≤ d∗ . 

In this sequel we will assume that 𝑥0 = f (𝑥) = maxl∈L | ct   𝑥 +  dl | . 
 
If 𝑥0 is a solution of problem (2.1), then(𝑥0,𝑥0 = maxl∈L | ct 𝑥0 + dl |) 

0 l 

is a solution of problem (2.2). And vice versa (𝑥0, 𝑥0) being a so- 
lution of problem (2.2), 𝑥0 is a solution of problem (2.1) and 
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𝑓(𝑥0)  =  𝑥0  , then problems (2.1) and (2.2) are equivalent. 

It is clear that we can apply any method of linear programming 
to problem (2.2). However in this case, usually the specific struc- 
ture of the constraints derived from the cost function of problem 
(2.1) can not be taken into account. Our aim is to extend the adap-
tive method [14] for problem (2.2). 
The main structure of the suggested method of investigating and 
solving problem is the support. 

 

3 Support 
 

Let us discuss in more detail constructions related to the support. 

Let  𝐽𝑠𝑢𝑝 ⊂  𝐽 be an arbitrary subset of  𝐽 and   𝐽𝑠𝑢𝑝 = {𝐽𝑠𝑢𝑝 }  ∪ {0}, 𝐽𝑛 = 𝐽\𝐽𝑠𝑢𝑝 . 

Let  𝐿𝑠𝑢𝑝 ⊂  𝐿 be an arbitrary subset of  𝐿 and the cardinalities of these sets  

satisfy the equality   |𝐿𝑠𝑢𝑝| + |𝐼| = |𝐽𝑠𝑢𝑝| + 1 ,   𝐿𝑛 = 𝐿\𝐿𝑠𝑢𝑝 . 

We again partition 𝐿𝑠𝑢𝑝  in two subsets 𝐿𝑠𝑢𝑝
+  and 𝐿𝑠𝑢𝑝

−  with 𝐿𝑠𝑢𝑝 = 𝐿𝑠𝑢𝑝
+ ∪ 𝐿𝑠𝑢𝑝

−    

and Lsup
+  ∩ Lsup

− = ø . Let e(L) = el = 1, l ∈  L). 

 

Now we define the block matrix 𝐵𝑠𝑢𝑝= 𝐵(𝐿𝑠𝑢𝑝 ∪ 𝐼, 𝐽𝑠𝑢𝑝) as follows: 

 

Bsup =

(

  
 

𝑒(𝐿𝑠𝑢𝑝
− )

−𝑒(𝐿𝑠𝑢𝑝
+ )

𝑐𝑙
𝑡(𝐽𝑠𝑢𝑝),

𝑙 ∈ 𝐿𝑠𝑢𝑝

0(𝐼) 𝑎𝑖
𝑡(𝐽𝑠𝑢𝑝),

𝑖 ∈ 𝐼 )

  
 
    

                                                        

Definition 3.    A vectors  u(L) = (u(Lsup), u(Ln)) ,  π(I)  defined as 
follows: 

(𝑢(𝐿𝑠𝑢𝑝), 𝜋(𝐼))
𝑡  = 𝑐0

𝑡  (𝐽
𝑠𝑢𝑝
) 𝐵𝑠𝑢𝑝

−1   , 𝑢(𝐿𝑛 ) ≡ 0 , 𝑐0 = (𝑐00 = −1, 𝑐0𝑗 = 0 , 𝑗 ∈ 𝐽𝑠𝑢𝑝), (3.1)   

are called a vectors of multipliers. 
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Definition 4.  A pair 𝐾𝑠𝑢𝑝 = {𝐿𝑠𝑢𝑝 , Jsup} is called a 

support of problem (2.1) if Bsup is nonsingular and the following 
relations hold the vector of multipliers: 

— 
sup  ) ≤ 0  , u ( L+  ) ≥ 0 

Definition 5. A pair {𝑥, Ksup} of a feasible solution x of 
problem (2.1) and support Ksup is called a support feasible solution. 

Definition 6. A support feasible solution {𝑥, Ksup} is called 
primal nondegenerate if: 

d∗j < 𝑥j <d∗ , j ∈ Jsup ; 

|𝑐𝑙
𝑡 𝑥  + dl| < f (𝑥) , 𝑙 ∈ Ln . 

Definition 7. A support Ksup is said to be coordinated with 
a feasible solution 𝑥 if: 

+ 
sup 
— 
sup 

⊆ L+(𝑥) = {𝑙 ∈ L : ct  𝑥 + dl = f (𝑥)} , 

⊆ L−(𝑥) = {𝑙 ∈ L : ct  𝑥 + dl = −f (𝑥)}. 

Remark: Note that the pair 
 

ksup = {Lsup, Jsup} , Jsup = ø , Lsup = 𝑙∗ ∈ L , (3.2) 

is a support of problem (2.1) with u(Lsup) = 1 if L+ = 𝑙∗ and 
 
u(Lsup) = −1 otherwise. 

 

Let  C(Lsup, j) = ( 
clj,       

l ∈ Lsup
)  be a column-vector composed of 

 the components clj  ,  j ∈ J ,  of the vectors cl   , 𝑙 ∈ Lsup . 
 
Using a support we can calculate the vector of reduced cost for problem  

(2.1) by the rules: 

∆j = ut(Lsup) C(Lsup, j) + πt(I) A(I, j) ,  j ∈ Jn = J\Jsup (3.3) 

Note that by construction, we have :                               

 

u(L 

L 
L 
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j 

j 

∆j ≤ 0 if 𝑥j = d∗ 

i 

l sup 

ct 𝑥 + 𝑥 0 = −dl + wl  ,  𝑙 ∈𝐿−

 ∈Type equation here.-
 ∈Type equation here. L− 

 

∆j = 0 if d∗j < 𝑥j < d∗ , j ∈ Jn , 

at 𝑥  = bi + wi , i ∈ I    , 

 
4 Optimality criterion. 

Let 𝑥 be a feasible solution of problem (2.1), Ksup be a support 
coordinated with 𝑥 . This information is enough for checking 
whether the feasible solution 𝑥 is optimal. 

Theorem 8. Let 𝑥 be a feasible solution of problem (2.1), 
Ksup be a support coordinated with 𝑥 such that for the support 

feasible solution {𝑥 , Ksup} the following relations: 

,
 ∆j ≥ 0 if 𝑥j = d∗j , 

 

are true, then 𝑥 is optimal in problem (2.1) . 
If 𝑥 is optimal and the support feasible is primal nondegenerate 
then relations (4.1) hold. 

Proof. The proof of the theorem is based on the analysis of the 
following increment formula: 

∆f (𝑥) = f  (𝑥 ) − f (𝑥) 

of the cost function of the problem (2.1) when passing from the 
feasible solution  to the point  𝑥 = 𝑥  + △𝑥 . 
To derive the increment formula we consider the equivalent linear 
programming problem (2.2) and compute ∆f (𝑥 ) = ∆𝑥 0 . 
We start with analyzing the behavior of the constraints from Lsup 
and I . 
At the point 𝑥  we have: 

,
 ct𝑥  − 𝑥 0 = −dl + wl ,𝑙 ∈𝐿+ , 

 

for the residuals w(Lsup) = (wl , 𝑙 ∈ Lsup) and w(I) = (wi , i ∈ I ) . 

 

 

, (4.1) 

, (4.2) l sup 
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 

i 

l sup 

ct𝑥 + 𝑥0 = −dl + wl , 𝑙 ∈ L− 
 at𝑥 =  bi + wi , i ∈ I , 

    

 
For Analogous relations hold at the point    𝑥 : 

,
 ct𝑥 − 𝑥0 = −dl + wl , 𝑙 ∈ L+ , 

 

for the residuals w = (w(Lsup) , w(I))  with: 

(w(Lsup), w(I)) = (w(Lsup), w(I)) + (△w(Lsup), △w(I))  and 

w(I) = w(I) = △w(I) = 0I . 

From the definitions of support, multipliers, reduced costs, relation 

 (4.2) and (4.3) we obtain that △𝑥0 , △𝑥j , j ∈ Jsup are defined by  

the linear equation system: 

 

Bsup = (
∆𝑥0

∆𝑥(𝐽𝑠𝑢𝑝)
) = −((

𝐶(𝐿𝑠𝑢𝑝, 𝐽𝑛)

𝐴(𝐼, 𝐽𝑛)
)∆𝑥(𝐽𝑛) + (

∆𝑤(𝐿𝑠𝑢𝑝)

∆𝑤(𝐼)
))                                                   

Thus we obtain: 

(
∆𝑥0

∆𝑥(𝐽𝑠𝑢𝑝)
) = −𝐵𝑠𝑢𝑝

−1 ((
𝐶(𝐿𝑠𝑢𝑝, 𝐽𝑛)

𝐴(𝐼, 𝐽𝑛)
) ∆𝑥(𝐽𝑛) + (

∆𝑤(𝐿𝑠𝑢𝑝)

0(𝐼)
)),           (4.4)                               

for any choice of △x (Jn) and △w (Lsup) .  

 The increment of the cost function associated to the problem (2.2) 

is given by(2.2): 

∆ x0 =  ∑ ∆𝑗   𝑗∈𝐽𝑛   ∆𝑥𝑗 −∑ ∆𝑗   𝑙∈𝐿𝑠𝑢𝑝               (4.5)    
 

Let 𝑥 be a feasible solution of problem(2.1), Ksup  be a support  

coordinated with 𝑥 such that for the support feasible solution  {𝑥, Ksup}  

the relations (4.1) take place.  
Then for any feasible solution 𝑥 we have:

 

{
 
 

 
 

  

∆𝑥𝑗 ≥ 0       𝑖𝑓     ∆𝑗 ≥ 0 ,

∆𝑥𝑗 ≤ 0       𝑖𝑓     ∆𝑗 ≤ 0 ,

∆𝑤𝑙 ≤ 0       𝑖𝑓     𝑙 ∈ 𝐿𝑠𝑢𝑝
+  ,

∆𝑤𝑙 ≥ 0       𝑖𝑓     𝑙 ∈ 𝐿𝑠𝑢𝑝
−  .

                           (4.6) 

 

Taking into account the definition of the support, relations (4.5) 
and(4.6) lead to the inequality:     ∆ x0 ≥ 0, 

  

, (4.3) l sup 
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 B(𝑥,Ksup)= ∑ ∆𝑗 (𝑥𝑗 −𝑑∗𝑗)  + ∑ ∆𝑗 (𝑥𝑗 −𝑑𝑗
∗) ∆𝑗<0,𝑗∈𝐽𝑛 
 ∆𝑗>0,𝑗∈𝐽𝑛 
 

 

+ ∑ 𝑢𝑙 (𝑓(𝑥) − 𝑐𝑙
𝑡𝑥 − 𝑑𝑙) +∑ 𝑢𝑙 (−𝑓(𝑥) − 𝑐𝑙

𝑡𝑥 − 𝑑𝑙)  (4.7)  𝑙 ∈𝐿𝑠𝑢𝑝
−  𝑙∈𝐿𝑠𝑢𝑝

+
 

 
 

 

 
which is valid for any feasible 𝑥 = 𝑥  + ∆𝑥  , that proves the first 
part of the theorem showing that 𝑥 is optimal in problem (2.1) . 

Let us prove the second part of the theorem. 

Assume that 𝑥 is optimal and that the support feasible {𝑥 , Ksup} 
is primal nondegenerate but relations (4.1) are not true on some 
index j0 ∈ Jn . 
We assume  ∆𝑥j = 0 , j ∈ Jn \ j0 , ∆𝑥j0 = −sign∆j0  , ∆wl = 
0,  
𝑙 ∈ Lsup , such that  ∆ j0   ≠0. 

The components ∆𝑥  j , j ∈ Jsup and the number ∆x0 are defined 
by the linear equation system (4.4) . 

Since {𝑥 , Ksup} is primal nondegenerate , there exists a step-size  
θ > 0 such that 𝑥 =  𝑥 + θ ∆𝑥 is feasible in problem (2.1) and 

f (x) = f (𝑥) + θ ∆𝑥j0 = f (𝑥) − θ |∆j0| < f (𝑥). 

The last inequality contradicts to the optimality of 𝑥 . 

We proceed with introducing an estimate for checking  ϵ−optimality of 
support feasible solution. 

Definition 9.  The number β(𝑥 , Ksup) defined by: 

 
 
 

 

is called a suboptimalty estimate of the support feasible solution 

{𝑥, Ksup } . 

Remark: The suboptimality estimate can be presented as 
follows: 

              B(𝑥,𝐾𝑠𝑢𝑝) = B(𝑥 ) + B(𝐾𝑠𝑢𝑝 ) ,          (4.8) 
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∗ 

 

 

 

where:  B(𝑥) = f (𝑥) − f (𝑥0)  is the measure of 

nonoptimality of a feasible solution calculated with the use of the 

optimal feasible solution 𝑥0, and:  B(Ksup) = ϕ(λ0) − ϕ(λacc)  

is the measure of nonoptimality of a support calculated 
according to the values of the cost function ϕ(λ) of the dual 
problem at the optimal dual feasible solution λ0 and at the 
special dual feasible solution λacc accompanying the support 
Ksup , which will be introduced in the next section. 

 

5 Dual problem 

The problem dual to (2.1) has the form: 

Maximize ϕ(λ) = dt γ − bt y+ dt v − d∗tw , 

s.t. Ct γ + At y− v + w = 0 , (5.1) 

v ≥ 0 , w ≥ 0  ,  ∑ |𝛾|  = 1 𝑙 ∈𝐿 , 

  

where C = C(L, J) = (cl
t(J),

l ∈ L
) is an  𝑙∗ ×𝑛−matrix.  

A vector λ = ( 𝛾, y , v, w) is called a dual feasible solution if it 
satisfies all the constraints of problem (5.1). 

With respect to any support Ksup of problem (2.1) we can compute 
the vector λacc = (u(L), π(I), v, w) with the components v , w : 

 

vj = ∆j , wj = 0 , si ∆j ≥ 0 , 

vj = 0 , wj = −∆j , si ∆j < 0 , j ∈ J , 

accompanies the support Ksup   .  

(5.2) 

Since the constructed vector λacc satisfies all the constraints of prob- 
lem (5.1) it is called the dual feasible solution accompanying the 
support Ksup ( Briefly, the accompanying dual feasible solution ). 

The decomposition formula  (4.8)  follows from the definitions of 
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sup 

sup 

sup 

 

 
multipliers, reduced costs, relations (3.4) , (5.2) and the following 
chain of equalities: 

B(𝑥,𝐾𝑠𝑢𝑝) = ∑ ∆𝑗 (𝑥𝑗 −𝑑∗𝑗)  + ∑ ∆𝑗 (𝑥𝑗 −𝑑𝑗
∗)  +                    

∆𝑗<0,𝑗∈𝐽𝑛 

 

∆𝑗>0,𝑗∈𝐽𝑛 

 

+ ∑ 𝑢𝑙 (𝑓(𝑥) − 𝑐𝑙
𝑡𝑥 − 𝑑𝑙) + ∑ 𝑢𝑙  (−𝑓(𝑥) − 𝑐𝑙

𝑡𝑥 − 𝑑𝑙) 

𝑙 ∈𝐿𝑠𝑢𝑝
−

                    

𝑙∈𝐿𝑠𝑢𝑝
+

 

= ∆t𝑥 − vtd∗ + wtd∗ + f (𝑥) − ∆t𝑥 − utd 

= f (𝑥) − utd − vtd∗ + wtd∗ = f (𝑥) − ϕ(λacc) 

= f (𝑥) − f (𝑥0) + ϕ(λ0) − ϕ(λacc) = B(𝑥) + B(Ksup). 

The suboptimality estimate B(𝑥, Ksup) characterizes the duality 
gap of the feasible solution 𝑥 . 

 

6 Suboptimality criterion 

Let us prove the following theorem. 

Theorem 10. For any ε ≥ 0 a feasible solution x of problem 

(2.1) is ε-optimal if and only if there exists a support Ksup such 
that the suboptimality estimate B(x, Ksup) of the support feasible 
solution {x, Ksup} satisfies the following inequality : 

B(𝑥, Ksup) ≤ ϵ. 

Proof. The proof of the necessary condition is based on the de- 
composition (4.8) of the suboptimality estimate B(𝑥, Ksup) . 

Let 𝑥 be an ϵ−optimal solution of problem (2.1), ie  f (𝑥)−f (𝑥0) ≤ ϵ . 

If we take a support    
K
~0

   that accompanies an optimal dual feasible 

solution  λ̃ 0 ,we obtain B (K  ̃ 0) = 0   then: 

β(𝑥 , K̃ 0  ) = f (𝑥) − f (𝑥0) ≤ ϵ  . 
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     

 

 

 
To finish the proof of the first part of the theorem we show that we 
can construct a support 

Ksup
~0

,  

accm
panyi
ng 
some 
optim
al 
dual

feasible solution λ̃ 0  . 
Let λ0 = (𝛾0,𝑦0, v0, w0) be an optimal dual feasible solution and 
we denote: 

L0 = {l ∈ L : 𝛾0 =0 } , Lsup = L \ L0, 
𝐿𝑠𝑢𝑝
+ = {𝑙 ∈ 𝐿: 𝛾0 > 0} , 𝐿𝑠𝑢𝑝

−  = 𝐿𝑠𝑢𝑝\𝐿𝑠𝑢𝑝
+  ,                                                                     

J0 = {j ∈ J : ∆0 = Ct(L, j) 𝛾0 = 0} , Jn = J \ J0. 
 

Assume that:

𝑟𝑎𝑛𝑘

(

 
 

𝑒(𝐿𝑠𝑢𝑝
− )

−𝑒(𝐿𝑠𝑢𝑝
+ )

𝑐𝑙
𝑡(𝐽0)

𝑙 ∈ 𝐿𝑠𝑢𝑝

0(𝐼) 𝑎𝑖
𝑡(𝐽0)
𝑖 ∈ 𝐼 )

 
 
 =  |𝐿𝑠𝑢𝑝| + |𝐼|.        

(6.1) 
 
Let us select the subset Jsup of the J0 , which contains the maximal 
number of elements and corresponds to the linearly independent 
vectors: 

( e(L− ) , −e(L+ ) , 0 (I) )t , ( C(Lsup, j ) , A(I, j) )t , j ∈ Jsup . 

. If |Jsup| + 1 = |Lsup| + |I| :  then the pair 
 

Ksup
~0

= 

{Lsup

, 

Jsup} 
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sup sup 

sup sup sup sup 

is a support and it accompanies the optimal dual feasible 
solution λ̃ 0  = λ0 . 

. If |Jsup| + 1 < |Lsup| + |I| : 
In view of the linear dependence of the vectors: 

( e(L− ) , −e( L+ ) , 0(I) )t , ( C(Lsup, j) , A(I, j) )t , j ∈ J0 , 

there exists a nonzero vector ∆𝛾(Lsup) such that: 

∆𝛾t(Lsup) C(Lsup, J0) = 0 , et(L+ ) ∆𝛾t(L+ )−et(L− ) ∆𝛾t(L− ) = 0 . 

On the other hand according to (6.1) : 

∆𝛾t(Lsup) C(Lsup, Jn )    ≠ 0  
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Let ∆𝛾t(L0) = 0 , then we have: 

δ(J0) = ∆𝛾t(Lsup) C(Lsup, J0) = 0 , 

∆𝛾t(Lsup) C(Lsup, Jn )   ≠ 0𝐼  . (6.2) 

We calculate σ0 = min{σl0 , σj0 } , where: 
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  
 

0 0 

σl0 = min
l∈Lsup

σl  , 𝜎𝑙 =

{
 
 

 
 

    

−
𝛾𝑙
0

𝛥𝛾𝑙
      𝑖𝑓  ∆𝛾𝑙  < 0 ,    𝑙 ∈ 𝐿𝑠𝑢𝑝

+  ,

−
𝛾𝑙
0

𝛥𝛾𝑙
       𝑖𝑓  ∆𝛾𝑙  > 0 ,   𝑙 ∈ 𝐿𝑠𝑢𝑝

−  ,

   ∞     𝑖𝑛 𝑜𝑡ℎ𝑒𝑟 𝑐𝑎𝑠𝑒 ,   𝑙 ∈  𝐿𝑠𝑢𝑝 ,

       (6.3) 

σj0 = minj∈Jn
σj   ,       𝜎𝑗 = {

−
∆𝑗
0

𝛿𝑗
      𝑖𝑓   𝛥𝑗

0  𝛿𝑗 < 0 ,

         ∞     𝑖𝑛 𝑜𝑡ℎ𝑒𝑟 𝑐𝑎𝑠𝑒 ,    𝑗 ∈  𝐽𝑛 .

                                        

δ is calculated according to (6.2) . 
 

Let us compute:  
   
𝛾0 = 𝛾0 + σ0 ∆𝛾 ,  

   
0 

Note that the new dual feasible solution λ  is also optimal in the 
dual problem (5.1) . 

 

. If σ0 = σl0 : Assume Lsup = Lsup\𝑙0 and calculate the cor- 
responding set Jsup (according to the described rule ). 

 

. If σ0 = σj0  : then Lsup = Lsup ,  J0 = J0 ∪ j0 ,  Jsup = Jsup ∪ j0. 

 

Since  δj0  ≠ 0 ,  the vectors (e(Lsup
−̅̅ ̅̅ ̅̅  ) , −e(Lsup

+̅̅ ̅̅ ̅̅  ), 0(I) )t (C( Lsup̅̅ ̅̅ ̅̅  , j) , A( I , j ) )t , j ∈ Jsup̅̅ ̅̅ ̅  ,  

are linearly independent.

            

∆ = ∆ + σ0 δ . 
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sup sup sup sup 

0 

 

 

   

0 

 

 
 
Now we consider the case where relation (6.1) is false, that means

  

𝑟𝑎𝑛𝑘

(

 
 

𝑒(𝐿𝑠𝑢𝑝
− )

−𝑒(𝐿𝑠𝑢𝑝
+ )

𝑐𝑙
𝑡(𝐽0)

𝑙 ∈ 𝐿𝑠𝑢𝑝

0(𝐼) 𝑎𝑖
𝑡(𝐽0)
𝑖 ∈ 𝐼 )

 
 

 <  |𝐿𝑠𝑢𝑝|  +  |𝐼| .  

 
 
Then there exists a nonzero ∆γ(Lsup) such that: 

 

∆𝛾t(Lsup) C(Lsup, J0) = 0 , et(L+ ) ∆𝛾t(L+ )−et(L− ) ∆𝛾t(L− ) = 0. 

Assuming that ∆𝛾t(L0) = 0, we have 

δ(J0) = ∆𝛾t(L) C(L, J0) ≡ 0. 
 

Using (6.3) we calculate σl0  and we construct the new sets 
 

  

L0 = L0 ∪ l0 , Lsup = Lsup\l0 . 
The corresponding new dual feasible solution λ0  with 
𝛾0 = 𝛾0 +  σl ∆𝛾 and ∆0 = ∆0 is optimal in (5.1). 

Let us show that the process of constructing the support Ksup
~0

  is finite. The cardinality of the set Lsup does not 

increase. Thus two cases are possible: 

 
 
 

 

1. At some iteration we have Lsup = ø : That corresponds to 
constructing the empty support      Ksup

~0

  . 

2. The structure of the set Lsup is fixed after a finite number of 
iterations. In this case we conduct the process of increasing 
the set Jsup until the support 

|Lsup| + |I| = |Jsup| + 1 is built. 

Ksup
~0

= 

{Lsu

p, 

Jsup} , 

   
  

  
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The constructed support  
 

  
Ksup ~0     accompanies an optimal dual fea- 

sible solution λ̃ 0 .  
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Sufficiency : The sufficient relation follows from the assumptions of 
the theorem 10 and the following chain of inequalities : 

𝑓(𝑥 + ∆𝑥) − 𝑓(𝑥) =  ∆𝑥0 = ∑ ∆𝑗 ∆𝑥𝑗 + ∑ 𝑢𝑙 

𝑙∈𝐿𝑠𝑢𝑝 
∆𝑗∈𝐽𝑛 

∆𝑤𝑙  ≥                               

        ≥ ∑ min
𝑑∗𝑗 −𝑥𝑗≤∆𝑥𝑗≤𝑑𝑗

∗−𝑥𝑗
∆𝑗 ∆𝑥𝑗 + ∑ max

∆𝑤𝑙≤𝑐𝑙
𝑡𝑥+𝑑𝑙−𝑓(𝑥)

  𝑢𝑙∆𝑤𝑙  +

𝑙∈𝐿𝑠𝑢𝑝
+𝑗∈𝐽𝑛

+ ∑ max
∆𝑤𝑙≥𝑐𝑙

𝑡𝑥+𝑑𝑙+𝑓(𝑥)
  𝑢𝑙∆𝑤𝑙

𝑙∈𝐿𝑠𝑢𝑝
−

= −𝐵(𝑥,𝐾𝑠𝑢𝑝) ≥ −𝜀                             

which is valid for any 𝑥 = 𝑥 + ∆𝑥 and consequently for 𝑥  = 𝑥0 . 

From this theorem 10 we get: 

Corollary 11. A feasible solution 𝑥 is optimal in problem 
(2.1) if and only if there exists a support Ksup such that the 
suboptimality estimate of the support feasible solution {𝑥, Ksup} 

is equal to zero : 
B(𝑥, Ksup) = 0 . (6.4) 

Remark: Equality (6.4) is true if and only if relations (4.1) 
hold and the support Ksup is coordinated with 𝑥 . 

 

7 Iteration of the adaptive method 

Let us describe an iterative method for solving problem (2.1). The 
aim of the method is to construct an ϵ−optimal feasible solution 

𝑥ϵ for a given ϵ ≥ 0 . 

The method starts from a support feasible solution {𝑥, Ksup} 

with a support coordinated with x . Check at {𝑥, Ksup} the 
suboptimality criterion and assume that B(𝑥, Ksup) > ϵ . 
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j 

l 

 
     

 
 

 
 

The step   {𝑥, Ksup} → {𝑥, Ksup} from the old support feasible solu-  
 

tion {𝑥, Ksup} to a new one {𝑥, Ksup} is said to be an iteration. 
The iteration is based on the principle of decreasing suboptimality 
estimate (4.7) : 

 

B(𝑥, Ksup)  ≤ B(𝑥, Ksup) . 

It follows from (4.8) that the suboptimality estimate can be de- 
creased, firstly, by decrease of the measure of the feasible solution 
𝑥 nonoptimality by changing 𝑥 and, secondly, by decrease of the 
measure of the support Ksup nonoptimality by changing Ksup . 

 

7.1 Changing  x   ( x → x  )  

The first procedure starts with the constructing of a pseudo solu- 
tion accompanying the support Ksup by the following rules : 

𝜅0 = {
𝑑∗𝒋                𝑖𝑓         𝛥𝒋 ≥ 0 ,                     

     𝑑𝒋
∗                 𝑖𝑓          𝛥𝒋 < 0  , 𝑗 ∈ 𝐽𝑛 ,           

           

(
𝜅0

𝜅(𝐽𝑠𝑢𝑝)
) = −𝐵𝑠𝑢𝑝

−1 ((
𝐶(𝐿𝑠𝑢𝑝, 𝐽𝑛)

𝐴(𝐼, 𝐽𝑛)
) 𝑥(𝐽𝑛) + (

𝑑(𝐿𝑠𝑢𝑝)

−𝑏(𝐼)
))                                     

 
a/ It is obvious that if the relations: 

d∗j ≤ 𝜅j ≤d ∗ , j ∈ Jsup ; 

|ct 𝜅+ dl| ≤ 𝜅0 , 𝑙 ∈ Ln ; (7.1) 

𝜅0 ≥ 0 if  Ln = ø , 

are true then 𝜅 is optimal and f (𝜅) = 𝜅0 . 

b/ If relations (7.1) are false then we construct the direction 

q ∈ Rn of improving feasible solution 𝑥 as follows: 

q = 𝜅 − 𝑥 . 
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The cost function of problem (2.1) decreases along the direction q 
because: 

 

𝜕𝑓(𝑥)

𝜕𝑞
= −𝐵(𝑥, 𝐾𝑠𝑢𝑝) < −𝜀 

Therefore, according to the principle of decreasing nonoptimality  
, we construct a new feasible solution as follows: 

𝑥 = 𝑥 + θq , 

where the step length θ is the greatest step allowed by the con- 
straints of problem (2.1) given by: 

θ = min{1, θj0 , θf } , 

where: 
. 1 is the step allowed by the nonsupport box constraints . 

. θj0 , j0 ∈ Jsup is the step allowed by the support box constraints. 

. θf is the step defined by the constraints derived from the cost 
function of problem (2.1). 

The various steps are obtained by the following relations:

θj0 == min θj , j ∈ Jsup , θj = { 

(d∗j − xj) qj ⁄ if   qj < 0               

(dj
∗ − xj) qj  if   qj > 0               ⁄

  ∞            if   qj = 0, j ∈ Jsup.

                   

θf = min{θ0, θl0} , θ0 =
f(x)

B(x, Ksup)
 , θl0 = min{θl

+, θl
−}, l ∈ Ln ,                       

 

θl
+ = {

(−cl
t − dl + x0) (cl

t q + B(x, Ksup))   ⁄   if cl
t q + B(x, Ksup) > 0 ,

∞                                                 else          ,     l ∈ Ln   ,
              

θl
− = {

(−cl
t − dl −x0) (cl

t q − B(x, Ksup))   ⁄   if cl
t q − B(x, Ksup) < 0 ,

∞                                                 else          ,     l ∈ Ln   ,
             

The suboptimality estimate of the support feasible solution   {𝑥̅, Ksup}    is equal to :   

 B(𝑥,𝐾𝑠𝑢𝑝) = ∑ ∆𝑗 (𝑥𝑗 −𝑑∗𝑗) + ∑ ∆𝑗 (𝑥𝑗 −𝑑𝑗
∗)

∆𝑗<0,𝑗∈𝐽𝑛 

  

∆𝑗>0,𝑗∈𝐽𝑛 

                         

                                            

   −∑ 𝑢𝑙 𝑤𝑙𝑙∈𝐿𝑠𝑢𝑝  =B(𝑥,𝐾𝑠𝑢𝑝) + θ∑ 𝛥𝑗 𝑞𝑗𝑗∈𝐽𝑛 = (1− 𝜃)𝐵(𝑥,𝐾𝑠𝑢𝑝)  
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If the support feasible solution {𝑥, Ksup} is primal nondegenerate , 
then θ > 0 consequently: 

B(𝑥̅, Ksup) < B(𝑥, Ksup). 

 
We compute θ , we have the various following cases: 

.First case : θ = θ0 , then 𝑥̅ = 𝑥 + θq is optimal and 

f (𝑥) = 0 or 𝑥 = 𝑥 + θq is ϵ-optimal with f (𝑥) ≤ ϵ. 
.Second case : θ = 1 , then 𝑥 = 𝜅 is optimal . 

.Third case : (1 − θ) B(𝑥, Ksup) > ϵ , then we past to the 

second procedure change of the support Ksup 
to Ksup decreasing the mesure of the support 
nonoptimality . 

 

7.2 Changing Ksup ( Ksup → Ksup ) 
 

The change of support   Ksup    →  Ksup involves the change of the 
dual feasible solution    λ → λ , i.e: 

u(L) = u(L) + σ0t(L) ; 
∆(J) = ∆(J) + σ0t(J) , 

where the vector t(J, L) is the direction of the dual cost function 
increase and σ0 is the greatest step along this direction . 

This change of the support is achieved according to the value of 
θ. Hence there are two distinct cases: 

a/ θ = θj0  , j0 ∈ Jsup : 
 

            Let: 
 

                      μ∗ = {
d∗j0 − κj0      if     κj0 < d∗j0  ,    

     dj0
∗ − κj0        if      κj0 > dj0

∗  .         
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sup 

  

 
 

jk 

jk 

 

and assume that: 

 

 

 
 

{

    𝑡𝑗0 =  𝑠𝑖𝑔𝑛(𝜇∗)    ,

   𝑡(𝐽𝑠𝑢𝑝\𝑗0) = 0    ,

   𝑡(𝐿𝑛) = 0              ,

 

 
 
from the admissibility of 𝑢 , 𝛥̅ we obtain: 

  
(t(Lsup), t(I)) = (0, t(Jsup))t B−1   ,  
tt(Jn) = tt(Lsup) C(Lsup, Jn) + tt(I) A(I, Jn) . 

 

We calculate the steps σj , j ∈ Jn ; σk  , k ∈ Lsup : 
 

  
 
 
 
 

 

𝜎𝑗 = {

−∆𝑗 𝑡𝑗⁄       𝑓𝑜𝑟       ∆𝑗 𝑡𝑗  < 0                                                         

0    𝑓𝑜𝑟   ∆𝑗= 0, 𝑡𝑗 > 0, 𝜅𝑗  ≠ 𝑑∗𝑗 𝑜𝑟 ∆𝑗= 0, 𝑡𝑗 > 0,𝜅𝑗  ≠ 𝑑𝑗
∗

∞    𝑖𝑛 𝑜𝑡ℎ𝑒𝑟 𝑐𝑎𝑠𝑒𝑠   ,𝑘 ∈ 𝐿𝑠𝑢𝑝                                    
              

𝜎𝑘 = {

     −𝑢𝑘 𝑡𝑘⁄      𝑓𝑜𝑟       𝑡𝑘  < 0 , 𝑘 ∈ 𝐿𝑠𝑢𝑝
+     ,

−𝑢𝑘 𝑡𝑘⁄     𝑓𝑜𝑟       𝑡𝑘  > 0 , 𝑘 ∈ 𝐿𝑠𝑢𝑝
−

    ∞    𝑖𝑛 𝑜𝑡ℎ𝑒𝑟 𝑐𝑎𝑠𝑒𝑠   ,      𝑘 ∈ 𝐿𝑠𝑢𝑝   .
,                                               

Let the finite values σj , j ∈ Jn ; σk , k ∈ Lsup in to nondecreas- 
ing order: 

σj1 ≤ σj2 ≤ . . . ≤ σjp  , jk ∈ {Jn ∪ Lsup} . 

For each jk , we compute the jump of the dual objective function: 
 

 

△µk = −|tjk |(𝑑
∗ − d∗jk ) . 

The dual cost function behaves along the direction t as a con- 
cave continuous piece-wise-linear function . Its slope in the interval 
[σk, σk+1] is equal to: 

 
∗ 

µk = µk−1 − |tjk |(d − d∗jk ) , k = 1, ..., p ; 

µ0 = |µ∗| , 
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where p ≤ p is a number such that: 

p = p if j ∈ J , ∀i = 1, p ; 
or 

p < p if jp+1 ∈ Lsup . 

Remark: µ0 is the initial speed of change of the dual cost function . 
 

We move along the direction t until the dual cost function is in- 
creasing. Following the principle of full relaxation of the dual cost 
function we find the step σ0 and the index s0 . Two cases are 

possible ( (1) s0 ∈ Jn , (2) s0 ∈ Lsup .) 

1- If µp > 0 , then it is necessary that p < p . Denote σ0 = σjp+1 , 
s0 = jp+1 , s =  p + 1 . 

2- If µ p ≤ 0 , we find an index ν , 0 < ν ≤  p such that 

µν−1 > 0 and µν ≤ 0 . Assume σ0 = σjν , s0 = jν , s = ν . 

The iteration ends by building the new multipliers and the reduced 
costs as follows: 

 
 

∆(J) = ∆(J) + σ0 t(J)  ; 
u(L) = u(L) + σ0 t(L) . 

(7.2) 

 
     

and the new support 𝐾̅sup = {𝐽̿sup, 𝐿̅sup} : 𝐽s̿up = {0} ∪ 𝐽s̅up , 

Jsup = Jsup\j0  ,   

Lsup = Lsup\s0  ,  if s0 ∈ Lsup 

, 

 
 

𝐽𝑠𝑢𝑝̅̅ ̅̅ ̅̅  = (Jsup\j0) ∪ s0  , 

 𝐿̅sup = Lsup  , if s0 ∈ Jn . 

Let us now study the second possible situation that can appear af- 
ter the first procedure, 

b/ θ = θl0  , l0 ∈ Ln : 
 

Let us compute:  
                     

  𝜇∗ = {
−κ0 + cl0

t  κ + dl0     if  θl0 = θl0
+  ,

       κ0 + cl0
t  κ + dl0     if θl0 = θl

0

−
 .
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0 l0 sup 

0 l0 

 

 
and assume : 

t = signµ  ; 
t(Ln\l0) ≡ 0 ; 

    
 
t(Jsup) ≡ 0   , 

 

and from the admissibility of 𝑢 , ∆ we obtain: 
  

(t(Lsup), t(I)) = (1, −tl ct (Jsup)) B−1    , 

 

 
We apply the same method used of (a) in order to find the index 
s0 and the step σ0 . 

The iteration ends in constructing the reduced costs and the mul- 
tipliers ∆(J) ,  u(L) given by (7.2) and the new support: 

 

 𝐾 ̅̅̅̅ 𝑠𝑢𝑝 = {  𝐽 ̿̿ ̿𝑠𝑢𝑝  ,  𝐿 ̅̅ ̅𝑠𝑢𝑝 }        ,        𝐽 ̿̿ ̿ 𝑠𝑢𝑝 =   𝐽 ̅̅ ̅ 𝑠𝑢𝑝  ∪  {0} ,                              

 

     { 
  𝐽 ̅̅̅̅ 𝑠𝑢𝑝  = 𝐽𝑠𝑢𝑝  ,                                                 

 𝐿 ̅̅ ̅𝑠𝑢𝑝 = (𝐿𝑠𝑢𝑝\𝑠0) ∪ 𝑙0 ,   𝑖𝑓 𝑠0 ∈ 𝐿𝑠𝑢𝑝 ,
, {
  𝐽 ̅̅̅̅ 𝑠𝑢𝑝  = 𝐽𝑠𝑢𝑝  ∪ 𝑠0  ,                                       

 𝐿 ̅̅ ̅𝑠𝑢𝑝 = 𝐿𝑠𝑢𝑝 ∪ 𝑙0 , 𝑖𝑓 𝑠0 ∈ 𝐽𝑛 .                  
                                                                            

 
Such that: 

{   
𝑙0  ∈    𝐿̅̅ ̅𝑠𝑢𝑝

+          𝑖𝑓           𝜃𝑙0 = 𝜃𝑙0
+   ,

𝑙0  ∈   𝐿̅̅ ̅𝑠𝑢𝑝
−          𝑖𝑓           𝜃𝑙0 = 𝜃𝑙0

−  .
 

 
By construction, the new support is coordinated with the feasible 
solution    𝑥 ̅ . 

The suboptimality estimate of the new support feasible solution 

{𝑥 , Ksup} is equal to:   
 

     B( 𝑥 ̅̅ ,̅   K ̅̅̅̅ sup) = (1− θ)𝐵(𝑥,𝐾𝑠𝑢𝑝) −∑ μk
s−1
k=0 (σjk+1 −σjk+1), σj0 =0

tt(Jn) = tt(Lsup) C(Lsup, Jn) +  tl ct (Jn) + tt(I)A(I,Jn) 
Jn) . 
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Example:     Let us consider the following Min-Max problem: 

max ( |2 x1 −2 x2 + x3| , |x1 + 4 x2−x3−3| , |x1−x2−x3 +2| ) → min , 

 

s. t                 (
2 −1
−1 4

    
3
2
)  ( 

x1
x2
x3
)  =  (

1
2
)                (1)             

 

−1 ≤ x1 ≤ 3 , −1 ≤ x2 ≤ 1 , −1 ≤ x3 ≤ 1 . 

First iteration :      
        

        𝑥 = (
6

7 
,
5

7 
, 0)  is a feasible solution of problem of  (1)  and  

  

        𝐾𝑠𝑢𝑝  = {  𝐽  ̅̅̅̅ 𝑠𝑢𝑝 , 𝐼, 𝐿𝑠𝑢𝑝 } is the support coordinated with 𝑥,  
 
Such that:      𝐽  ̅̅̅̅ 𝑠𝑢𝑝 = 𝐽𝑠𝑢𝑝  ∪ {0}  ,   𝐽𝑠𝑢𝑝  = {1,2}  , 𝐼 = {1,2}  ,  
 

       𝐿𝑠𝑢𝑝 = {3} = 𝐿𝑠𝑢𝑝
+  . {𝑥,𝐾𝑠𝑢𝑝}  is a nondegenerate support  

  

feasible solution.  𝐵(𝑥,𝐾𝑠𝑢𝑝) =  
31

14
 > 0 ,   then the support   

 
feasible solution {𝑥,𝐾𝑠𝑢𝑝}  is not optimal. 

        

1. Changing of feasible solution :   x → x = x + θ q 

 

The pseudo-plan  𝜅 = (𝜅1, 𝜅2, 𝜅3) = (
−1

14
,
−13

  14
,
1

7
)  is not optimal.  

 

𝑞 = (
−25

14
,
−4

7
, 1), 𝜃 =

20

51
= 𝜃2

−, 2 ∈ 𝐿𝑛, 𝑡ℎ𝑒𝑛 𝑥̅ = (
56

357
,
175

357

20

51
)  

 

and𝐵(𝑥 ̅ , 𝐾𝑠𝑢𝑝) =
961

714
 < 𝐵(𝑥,𝐾𝑠𝑢𝑝) = 

31

14
 .  

 

𝐵(𝑥 ̅ , 𝐾𝑠𝑢𝑝) > 0, then {𝑥 ̅,𝐾𝑠𝑢𝑝} is not optimal.   
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sup sup 

 
 

 

 

2. Changing of support :   Ksup  → Ksup 

     

      𝜎0 =
31

102
= 𝜎3 , 3 ∈ 𝐽𝑛  .  Then the new support is: 

 

Ksup = {Jsup ,   Lsup} such that Jsup = Jsup ∪ {0} , Jsup = {1, 2, 3} ; 

 

I = {1, 2} ;  𝐿 ̅̅̅̅ sup = {2, 3} , 2∈ 𝐿 ̅̅ ̅ − and 3 ∈ 𝐿 ̅̅ ̅    +  . 

 
𝐵(𝑥 ̅ , 𝐾𝑠𝑢𝑝) = 0 , then the support feasible solution { 𝑥 ̅̅̅̅  ,  𝐾 ̅̅ ̅̅ sup}  

 

is optimal, with: 𝑥0 =  𝑥 ̅̅̅̅ = (
56

357
,
175

357
,
20

51
)  and 𝑥0

0 = 𝑓(𝑥0) =
455

357
  .  
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Remark : When using the function ”fminimax” command, we 
obtain the same solution after three iterations, but with our pro- 
gram after one iteration we obtain the support optimal solution as 
shown in figure 1 . 

 (a) Adaptive method (b) fminimax command 

Figure 1 

8 Conclusion  : 

In the paper we have used the principles of the adaptive method, 
at the same time specific features of Min-Max problems have been 
taken into consideration.  After giving some definitions, we have 
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constructed the support, then calculated the increment of the ob- 
jective functional. Optimality and suboptimality criteria have been 
formulated to describe the iteration of the adaptive method. This 
method is based on two procedures, one is the change of the fea- 
sible solution, the other is the coordinator support. We have im- 
plemented it in the programming language Matlab (R 2015 b) and 
the results are illustrated with a numerical example. 
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predictor interior-point method with new search direction for 
linear optimization, Central European Journal of Opera- 
tions Research, no. 3 (2020), 1123-1140. 

[14] R. W. Farebrother, The historical development of the linear 
minimax absolute residual estimation procedure 1786–1960, 
Computational statistics, data analysis, 24 no. 4 ( 1997 ), 455- 
466. bibitemGabasov R. Gabasov, F. M. Kirillova, A primal 

International Journal of Applied Mathematics
Volume 39 No. 1s 2026,
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Received: August 06, 2025          2127



 

 
and a dual minimal feasible methods for solving the general lin- 
ear programming problem, Avtomatika i Telemekhanika, no. 
6 (1977 ), 85-96. 

[15] R. Gabasov, Adaptive method of linear programming, Preprint 
of the University of Karlsruhe, Institue of Statistics and Math- 
ematics, Karsruhe, Germany, (1993 ). 

[16] R. Gabasov, F. M. Kirillova, A primal and a dual minimal 
feasible methods for solving the general linear programming 
problem, Avtomatika i Telemekhanika, no. 6 (1977), 85-96. 

[17] R. Gabasov, F. M. Kirillova, New algorithms and results of nu- 
merical experiments for solution of mathematical programming 
and optimal control problems, In: Selected Topics in Opera- 
tions Research and Mathematical Economics: Proceedings of 
the 8th Symposium on Operations Research, Held at the Uni- 
versity of Karlsruhe, West Germany, (1984), 440-456. 

[18] R. Gabasov, F. M. Kirillova, E. A. Kostina, Adaptive meth- 
ods for solvings minimax problems, Optimization, 50 no. 1-2 
(2001), 61-92. 

[19] R. Gabasov, F. M. Kirillova, O. I. Kostyukova, V. M. Raketski, 
Constructive Methods of Optimization, Convex Problems, PI- 
University Press, Minsk (1984). 

[20] R. Gabasov, F. M. Kirillova, S. V. Prischepova, Optimal Feed- 
back Control, Springer-Verlag, London, (1995). 
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