
 

TẠP CHÍ KHOA HỌC 
TRƯỜNG ĐẠI HỌC SƯ PHẠM TP HỒ CHÍ MINH 

Tập 23, Số 7 (2026): 1616-1627 

HO CHI MINH CITY UNIVERSITY OF EDUCATION 
JOURNAL OF SCIENCE 

Vol. 23, No. 7 (2026): 1616-1627  
ISSN:  

2734-9918 
Website: https://journal.hcmue.edu.vn https://doi.org/10.54607/hcmue.js.23.7.4935(2026) 

 

1616 

Research Article♦ 
INEXACT BOOSTED DIFFERENCE OF CONVEX ALGORITHM 

Bui Ho Kim Anh1*, Pham Duy Khanh1, Tran Trung Tin1, Tran Ba Dat2 
1Ho Chi Minh City University of Education, Vietnam 

2Rowan University, The United States of America 
*Corresponding author: Bui Ho Kim Anh – Email: 4801101004@student.hcmue.edu.vn 

Received: April 28, 2025; Revised: May 20, 2025; Accepted: August 05, 2025 
 
ABSTRACT 

In this paper, we propose the Inexact Difference of Convex Algorithm (iBDCA), an inexact 
variant of the Boosted Difference of Convex Functions Algorithm (BDCA), to solve an optimization 
problem involving the difference of two strongly convex functions, where both components of the DC 
function are assumed to be differentiable, and the gradient of the first component is Lipschitz 
continuous. The proposed algorithm consists of two main steps: first, we employ a gradient descent-
based scheme to find an approximate solution to a subproblem associated with the convex component 
of the DC problem; second, this approximate point is then used to compute a suitable step size for 
the next iteration. We establish the convergence and convergence rates of the iterate and objective-
value sequences to the optimal solution and optimal value, respectively, as well as the complexity of 
the subproblem. 

Keywords: boosted difference of convex functions algorithm; convergence analysis;  
DC functions; inexact gradient descent methods; line search; step size 

 
1. Introduction 

This paper focuses on minimizing Difference of Convex (DC) functions. We consider 
the problem 

( ) ( ) ( )1 2minimize  :
nx

x f x f xφ
∈

= −


  (1.1) 

where both 1 2, : nf f →   are assumed to be continuously differentiable and convex and 

to satisfy 
( )inf  .

nx
xφ

∈
> −∞



  (1.2) 

To facilitate the subsequent analysis, we reformulate the problem (1.1) into an 
equivalent problem involving strongly convex functions. For any constant 0ρ > , define
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( ) ( ) 2
1 2

g x f x xρ
= +  and ( ) ( ) 2

2 2
h x f x xρ

= + . It follows immediately that both g  and h  

are strongly convex functions with modulus ρ  and ( ) ( ) ( ) ( ) ( )1 2x f x f x g x h xφ = − = − , 

for all nx∈ . Consequently, the following equivalent problem is obtained 

( ) ( ) ( ) ( )  minimize : .
nx

x g x h xφ
∈

= −


  

DC programming has been successfully applied in various fields, including machine 
learning and image processing, biochemical modeling (Aragón-Artacho et al., 2024) and 
compressed sensing (Yin et al., 2015). The Difference of Convex Algorithm (DCA) was the 
first algorithm specifically designed for solving DC optimization problems (Tao, 1986; Tao 
& An, 1997). Because of its simplicity and computational efficiency, DCA, together with its 
variants, has been extensively applied to high-dimensional nonconvex optimization. Among 
those variants, Boosted DC Algorithm (BDCA) introduced in (Aragón-Artacho et al., 2018) 
is one of the most efficient methods because it combines DCA with a line search step inspired 
by Fukushima and Mine (1981). This combination enables BDCA to converge faster and 
require fewer iterations than DCA, particularly for large-scale problems.  

To further improve the computational efficiency of BDCA, we introduce an inexact 
variant of the Boosted Difference of Convex Algorithm (BDCA) to solve (1.1), referred to as 
the Inexact Boosted Difference of Convex Algorithm (iBDCA). This modified approach 
establishes a framework that allows inexactness in solving subproblems while still 
maintaining convergence properties. At each k − th iteration, unlike DCA and BDCA, which 
require solving the following subproblem ( )k  exactly 

( ) ( ) ( )minimize  ,
n

k k
x

g x h x x
∈

− ∇


   (1.3) 

we propose to compute an approximate solution ky  that satisfies the inexact condition 

( ) ( ) .
2k k k kg y h x y xρ

∇ −∇ ≤ −   (1.4) 

This approach reduces the computational cost of each iteration while preserving the 
method's efficiency. We show that the convergence results of BDCA are preserved when we 
employ this inexact condition. We also provide a simple approach for finding ky  satisfying 

(1.4) using the gradient descent method. We also specify the number of iterations required 
for each subproblem to determine ky .  

The remainder of the paper is organized as follows. Section 2 presents the necessary 
definitions and preliminary results used in the subsequent analysis. The proposed iBDCA is 
then presented, and its convergence properties are analyzed in Section 3. Conclusions and 
directions for further research are discussed in Section 4. 
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2. Preliminaries and Notation 

Throughout this paper, the inner product of two vectors  is denoted by , 

while  denotes the induced norm, defined by . We denote by [ )0,+ = ∞  the 

set of all nonnegative real numbers and ( ),x r  the closed ball centered at x  with radius 

0r > . The gradient of a differentiable function : nf →   at some point nx∈  is denoted 

by ( ) .nf x∇ ∈  

We now recall some important definitions and results related to the convexity and 
monotonicity of a function. A function : nf →   is said to be convex when 

( )( ) ( ) ( ) ( )1 1f x y f x f yλ λ λ λ+ − ≤ + −  

for all ( )0,1λ∈ . Furthermore, f  is said to be strongly convex with modulus 0σ >  if 

( )( ) ( ) ( ) ( ) ( ) 211 1 1
2

f x y f x f y x yλ λ λ λ σλ λ+ − ≤ + − − − −  

for all ( )0,1 ,λ∈ or equivalently, when 2

2
f σ
− ⋅  is convex.  

The following fundamental results on convex functions are useful in the next section. 
Theorem 2.1. Let f  be a differentiable function on n

 . Then: 
1. f  is convex if and only if 

( ) ( ) ( ) ,  for all , ;nf x f y f y x y x y≥ + 〈∇ − 〉 ∈  (2.1) 

2. f  is strongly convex with modulus σ  if and only if 

( ) ( ) ( ) 2,  for all ,
2

.nf x f y f y x y x y x yσ
≥ + ∇ − + − ∈  (2.2) 

Definition 2.2. A mapping : n nF →   is said to be monotone if 

( ) ( ) , 0 for all , .nF x F y x y x y− − ≥ ∈  

Furthermore, F  is called strongly monotone with modulus σ  if 

( ) ( ) 2,  for all , .nF x F y x y x y x yσ− − ≥ − ∈  

The following proposition describes the relationship between the concepts of (strong) 
convexity and (strong) monotonicity when f  is differentiable.  

Proposition 2.3. Let : nf →   be a differentiable function. Then f  is (strongly) convex 
if and only if f∇  is (strongly) monotone. 

To establish our convergence results, we use the following definitions and theorems. 
Definition 2.4. A mapping : n nF →   is called Lipschitz continuous if there is some 
constant 0L ≥  such that 

, nx y∈ ,x x

⋅ ,x x x=
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( ) ( ) , for all , .nF x F y L x y x y− ≤ − ∈  

F  is called locally Lipschitz continuous if for every nx∈ , there exists a neighborhood U  
of x  such that F restricted to U  is Lipschitz continuous. 

The following result from Izmailov and Solodov (2014) provides a useful property of 
real-valued functions with Lipschitz continuous gradients.  
Lemma 2.5. Let : nf →  , let , nx y∈ , and let 0L > . If f  is differentiable on the line 

segment [ ],x y  with its gradient being Lipschitz continuous with constant L  on this 

segment, then 

( ) ( ) ( ) 2, .
2
Lf y f x f x y z y x− − ∇ − ≤ −  

To establish our convergence results, we use the Łojasiewicz property (Lojasiewicz, 
1965), defined next. 
Definition 2.6. Let : nf →   be a differentiable function. f  is said to have the 
Łojasiewicz property if for any critical point x , there exist constants 0, 0M ε> >  and 

[ )0,1θ ∈  such that  

( ) ( ) ( ) ( ), for all , ,f x f x M f x x x
θ

ε− ≤ ∇ ∈  (2.3) 

where we adopt the convention 00 0= . The constant θ  is called Łojasiewicz exponent of f  
at .x  

We also use the following proposition taken from (Khanh et al., 2024) to establish our 
convergence results. 
Proposition 2.7. Let : nf →   be a 1 − smooth function, and let the following conditions 

hold along a sequence of iterates { }k nx ⊂   for the function f : 

• H1 (primary descent condition): There is 0σ >  such that we have  

( ) ( ) ( )1 1k k k k kf x f x f x x xσ+ +− ≥ ∇ ⋅ −  

for sufficiently large .k∈  
• H2 (complementary descent condition): The following implication holds: 

( ) ( )1 1k k k kf x f x x x+ +   = ⇒ =    

 for sufficiently large .k∈  

If x  is an accumulation point of { }kx  and f  satisfies the Łojasiewicz property at ,x  then 
kx x→  as .k →∞  
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Definition 2.8. Suppose that the sequence { } 0
n

k k
x ∞

=
⊂   converges to nx∈ . We say that 

the convergence is linear if there exists ( )0,1λ∈  such that 

1 ,k kx x x xλ+ − ≤ −  

for all k  sufficiently large. 
3. Inexact Boosted Difference of Convex Algorithm 

We now present the iBDCA algorithm: 
Algorithm 1: iBDCA 

Step 1. Fix 0, 0,0 1.α λ β> > < <  Let 0x  be any initial point and set : 0k = .  
/*Initialization*/ 

Step 2. Find ky  such that 

( ) ( ) .
2k k k kg y h x y xρ

∇ −∇ ≤ −  

/*Find ky  */ 

Step 3. Set .k k kd y x= − . If 0kd = , STOP and RETURN .kx Otherwise, go to Step 4. 

/* Compute the direction kd  */ 

Step 4. Set .kλ λ=  while ( ) ( ) 2

2k k k k k ky d y dαφ λ φ λ+ > − , do : .k kλ βλ=  

/* Line search */ 
Step 5. Set 1 :k k k kx y dλ+ = + , set : 1,k k= +  and go to Step 2.   

/* Update and iterate */ 
3.1. Analysis of Convergence 

In this section, we establish the convergence results of Algorithm 1. We begin by 
proving that the inexact solution ky  yields a sufficient decrease in the objective function 

value.  
Proposition 3.1. For any , we can deduce that 

( ) ( ) 2 .
2k k ky x dρφ φ≤ −   (3.1) 

Proof. As g  and h  are strongly convex and differentiable,  

( ) ( ) ( ) 2,
2

  k k k k k k kg x g y g y x y x yρ
− ≥ ∇ − + −  

and 

( ) ( ) ( ) 2, .
2

 k k k k k k kh y h x h x y x y xρ
− ≥ ∇ − + −  

Taking the sum of the two previous inequalities leads to 

k∈
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( ) ( ) ( ) ( ) ( ) ( ) 2 , ,k k k k k k k k k kg x g y h y h x g y h x x y x yρ− + − ≥ ∇ −∇ − + −  

or equivalently 

( ) ( ) ( ) ( ) 2, , k k k k k ky x g y h x d dφ φ ρ− ≤ ∇ −∇ −  

where kd  is given in Step 3 of the algorithm. It follows from Step 2 and the Cauchy-Schwarz 

inequality that 

( ) ( ) ( ) ( ) 2, ,
2k k k k k k kg y h x d g y h x d dρ

∇ −∇ ≤ ∇ −∇ ⋅ ≤  

which in turn yields ( ) ( ) 2 .
2k k ky x dρφ φ− ≤ −                                                                   □ 

We now show that k k kd y x= −  serves as a descent direction for φ  at ky . 

Proposition 3.2. For all  we have ( ) 2, .
2k k ky d dρφ∇ ≤ −  

Proof. The strong convexity of the function h  with constant ρ  implies the strong 

monotonicity of h∇  with constant ρ . Applying this property at , ,k kx y we have, 

( ) ( ) 2, .k k k k k kh x h y x y x yρ∇ −∇ − ≥ −  

Combining this with Step 2 and the Cauchy-Schwarz inequality, we have 

( ) ( ) ( )
( ) ( ) ( ) ( )
( ) ( ) ( ) ( )

2 2 2

, ,

, ,

,

,
2 2

k k k k k

k k k k k k

k k k k k k

k k k

y d g y h y d

h x h y d g y h x d

h x h y d g y h x d

d d d

φ

ρ ρρ

∇ = ∇ −∇

= ∇ −∇ + ∇ −∇

≤ ∇ −∇ + ∇ −∇

≤ − + ≤ −

 

which completes the proof.                                                                                                    □ 
The following corollary ensures that the backtracking procedure in Step 4 of Algorithm 1 

terminates after finitely many steps whenever .ρ α>  

Corollary 3.3. Let . Then, for every  there exists  satisfying 

( ) ( ) [ ]2 ,  for all 0, .
2k k k k ky d y dαφ λ φ λ λ δ+ ≤ − ∈  (3.2) 

Proof. The inequality trivially holds for all positive numbers λ  when 0kd = . For 0kd ≠ , 

since 0ρ α> > , one has 

( ) ( ) 2 2

0
lim ( ), .

2 2
k k k

k k k k

y d y
y d d d

λ

φ λ φ ρ αφ
λ+→

+ −
= 〈∇ 〉 ≤ − < −  

Hence, there is some 0kδ >  such that, for all ( )0, kλ δ∈ , the following holds 

,k∈

0ρ α> > ,k∈ 0kδ >
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( ) ( ) 2 ,
2

k k k
k

y d y
d

φ λ φ α
λ

+ −
< −  

or equivalently 

( ) ( ) 2 .
2k k k ky d y dαφ λ φ λ+ < − □ 

The following result shows the monotonicity of the sequence ( ){ }kxφ . The proof 

follows immediately from Proposition 3.1 and Step 4. 
Proposition 3.4. For all , we have the following inequality 

( ) ( )2
1 .

2 2 k k k k ky x x xρ α λ φ φ +
 + − ≤ − 
 

 

We now provide several results on the convergence of Algorithm 1. The proof is 
analogous to that in (Aragón-Artacho et al., 2018). 
Proposition 3.5. For any initial point , either Algorithm 1 terminates by returning a 

stationary point of  or it generates an infinite sequence that satisfies the following conditions: 

i. The sequence ( ){ }kxφ  is monotonically decreasing and converges to a limit *;φ  

ii. Every limit point of { }kx  is a stationary point of ( ) . 

iii. 2

0
k

k
d

∞

=

< ∞∑  and 2
1

0
.k k

k
x x

∞

+
=

− < ∞∑  

Proof. If Algorithm 1 stops at Step 3 and returns kx , then from Step 2, we deduce that kx  

must be a stationary point of ( ) . Otherwise, it follows from Proposition 3.4 that the 

sequence ( ){ }kxφ  decreases monotonically. Given that it is bounded from below by (1.2), 

it converges to a limit *φ , which proves (i). As a result, we deduce that ( ) ( )1 0.k kx xφ φ+ − →  

From Proposition 3.4, one has  

( ) ( )2 2
1 .

2 2 2k k k k kd d x xρ ρ α λ φ φ +
 ≤ + ≤ − 
 

 

Letting k →∞  gives 0k k ky x d− = → . Let x  be an arbitrary limit point of the sequence 

{ }.kx  Then, there exists a subsequence { }ikx  that converges to x . From this, it follows that 

0 as .
i i i ik k k ky x y x x x i− ≤ − + − → →∞  

Using Step 2, we have  

( ) ( )0 0 as ,
2i i i ik k k kg y h x y x iρ

≤ ∇ −∇ ≤ − → →∞  

which gives ( ) ( )h x g x∇ =∇ , i.e. ( ) 0xφ∇ =  or x  is a stationary point of ( ) . 

k∈

0
nx ∈

( )
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To prove (iii), by Proposition 3.4, we obtain 

( ) ( )2
1 .

2 2 k k k kd x xρ α λ φ φ +
 + ≤ − 
 

  (3.3) 

Taking the sum of this inequality over 0k =  up to  , we obtain 

( ) ( ) ( ) ( )2
0 1 0

0
inf .

2 2 n

N

k k N xk
d x x x xρ α λ φ φ φ φ+

∈=

 + ≤ − ≤ − 
 

∑


 (3.4) 

Therefore, letting N  tend to infinity, we deduce that 

( ) ( )2 2
0

0 0
inf ,

22 2 nk k k
xk k

d d x xρ ρ α λ φ φ
∈=

∞ ∞

=

 ≤ + ≤ − < ∞ 
 

∑ ∑


 

Thus, we obtain 2

0
k

k
d

∞

=

< ∞∑ . As 

( )1 1 ,k k k k k k k kx x y x d dλ λ+ − = − + = +  

there holds 

( ) ( )22 2 22
1

0 0 0
1 1 ,k k k k k

k k k
x x d dλ λ

∞ ∞ ∞

+
= = =

− = + ≤ + < ∞∑ ∑ ∑  

and the proof is complete.                                                                                                     □ 
The following theorem states the convergence results and convergence rate of the algorithm. 

Theorem 3.6. Let  be Lipschitz continuous and  satisfy the Łojasiewicz property with an 

exponent  For any initial point  consider the sequence  generated by 

Algorithm 1. If  has a cluster point  then the entire sequence converges to  which 

is a stationary point of  Moreover, the following convergence rate estimates hold: 

(i) if 0,θ =  then the sequences { }kx  and ( ){ }kxφ  converge in a finite number of 

iterations to *x  and ( )* ,xφ  respectively; 

(ii) if 10, ,
2

θ  ∈  
 then the sequences { } ( ){ } and k kx xφ  converge linearly to *x  and 

( )* ,xφ respectively; 

(iii)  if 1 ,1 ,
2

θ  ∈ 
 

 then there are some positive constants 1η  and 2η  satisfying. 

( ) ( )

1
* 2 1

1

1
* 2 1

2

,

,

k

k

x x k

x x k

θ
θ

θ

η

φ φ η

−
−

−

−
−

− ≤

− ≤

 

for all large k . 

g∇ φ

[ )0,1 .θ ∈ 0 ,nx ∈ { }kx

{ }kx *,x *,x

( ).
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Proof. First, we prove that the conditions (H1) and (H2) of  Proposition 2.7 with the sequence 
 generated by Algorithm 1 for the function .φ   

H2: Assume that for some k∈  one has ( ) ( )1 .k kx xφ φ +=  From Proposition 2.7 and 

( )( )1 1 ,k k k k kx x y xλ+ − = + −  we obtain the inequality 

( )
( ) ( )2

1 12 0,
2 1

k
k k k k

k

x x x xρ αλ φ φ
λ

+ +

+
− ≤ − =

+
 

which implies that 1 ,k kx x+ =  since 0 .kλ λ≤ ≤  
H1: Combining Step 2 and the Lipschitz continuity of g∇ , we deduce that 

( ) ( ) ( )
( ) ( ) ( ) ( )

( )
0.5

0.5 .

k k k

k k k k

k k k k

k

x g x h x

g x g y g y h x

L x y x y

L d

φ

ρ

ρ

∇ = ∇ −∇

≤ ∇ −∇ + ∇ −∇

≤ − + −

= +

 (3.5) 

Combining (3.5) with Proposition 3.4, we have 

( ) ( ) ( )

( )( ) ( )

( )( )
( )

2 2
1

1

1

2 2 2 2 0.5

.
1 2

. .
1 2

k
k k k k k k

k k k
k

k k k

x
x x d d d

L

x x x
L

x x x
L

φρ α ρ ρφ φ λ
ρ

ρ φ
λ ρ

ρ φ
λ ρ

+

+

+

∇ − ≥ + ≥ ⋅  + 

≥ ∇ −
+ +

≥

≥

∇ −
+ +

 

Suppose that *x  is a cluster point of { }kx . Since φ  satisfies the Łojasiewicz property at *,x

applying Proposition 2.7, we obtain *kx x→  as k →∞ .  

The proof of the convergence rates based on θ  is similar to the proof of Theorem 1 in 
Aragón-Artacho et al. (2018).  
3.2. Solving subproblems by Gradient Descent 

For each ,n
kx ∈  recall that ( ) ( ) ( ) , .k kf x g x h x x= − ∇  Since kf  is strongly convex 

with modulus ,ρ  the optimization problem 

( )minimise 
n k

x
f x

∈
 

has a unique minimiser *.kx  Then,  

( ) ( ) ( )* * 0.k k k kf x g x h x∇ =∇ −∇ =  

{ }kx
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To obtain an approximate solution to the problem, we construct the gradient descent 

sequence { }j j
z

∈
 given by ( )1

1 ,j j k jz z f z
L+ = − ∇ , where 0 .kz x=  The following 

convergence result is standard. 
Proposition 3.7. Let  be strongly convex with modulus  and suppose  is Lipschitz 

continuous with constant  From an initial point  the sequence { }j j
z

∈
 above 

satisfies the following estimate 
1

2 2* *
1 01 .

j

j k kz x z x
L
ρ +

+
 − ≤ − − 
 

 

Depending on the relationship between ρ  and L , the appropriate elements of the 
gradient descent sequence solve the subproblem at each k − th iteration. 
Corollary 3.8. At each th iteration, with , the following assertions hold for the 

sequence { }j j
z

∈
: 

• If ,Lρ =  then 

( ) ( )1 1 .
2k kg z h x z xρ

∇ −∇ ≤ −  (3.6) 

• If  then for  and  one has 

 

Proof. If ,Lρ =  then by Proposition 3.7,  we deduce that *
1j kz x+ =  for all .j∈  Hence, 

with 0,j =  we have 

( ) ( ) ( ) ( )*
1 10 .

2k k k kg z h x g x h x z xρ
∇ −∇ = ∇ −∇ = ≤ −  

Now suppose that .Lρ < By Proposition 3.7, one has 

* *2
0 , ,

j

j k kz x d z x j− ≤ − ∀ ∈  (3.7) 

where ( )1 0,1 .d
L
ρ

= − ∈  If 
1

2 log ,
2k

L

j
Lρ

ρ
ρ−

≥
+

 then we have 

( )* * *2 2
0 0 ,

k k

k kk

j j

j k k j kjz x d z x d z z z x+− ≤ − − −≤  

and hence, 

2
*

0
2

.
1

k

k kk

j

j k jj
dz x z z

d
− ≤ −

−
  (3.8) 

kf ρ kf∇

.L 0 ,nz ∈

k − 0 kz x=

,p L< kj ∈
1

2 log ,
2k

L

j
Lρ

ρ
ρ−

≥
+

( ) ( ) .
2k kj kjkg z h x z xρ

∇ −∇ ≤ −
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Combining the Lipschitz continuity with constant L  of kf∇  and ( )* 0k kf x∇ =  with (3.8), one 

has 

( ) ( ) ( )
2

* *
0 0

2

,
2

1

k

k k k k kk

j

k j k j k k j k j jj
Ldf z f z f x L z x z z z z

d

ρ
∇ ∇ −∇ ≤ − ≤≤ − ≤ −

−
 

where the last inequality follows from the choice of kj . Equivalently, we have 

( ) ( ) .
2k kj k j kg z h x z xρ

∇ −∇ ≤ − □ 

4. Conclusion 
In this paper, we have introduced the Inexact Boosted Difference of Convex Algorithm 

(iBDCA), a computationally efficient variant of the Boosted Difference of Convex Algorithm 
(BDCA), designed to solve optimization problems involving the difference of two strongly 
convex and differentiable functions, where the first component has a Lipschitz continuous 
gradient. By allowing inexact solutions to the subproblems, iBDCA significantly reduces the 
computational burden while preserving the convergence properties of BDCA. 

The paper provides a rigorous convergence analysis of the iBDCA algorithm. Key 
results include: 

• Proof of monotonic decrease in the objective function values, 
• Guarantee that the sequence of iterates either reaches a stationary point or converges 

to one, 
• Establishment of convergence rate results using the Łojasiewicz inequality, showing 

that convergence can be finite, linear, or sublinear depending on the Łojasiewicz exponent. 
Additionally, we show that the number of inner gradient descent iterations required to 

obtain a sufficiently accurate solution can be bounded, thereby characterizing the method's 
overall complexity. 
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TÓM TẮT 

Trong bài báo này, chúng tôi đề xuất Thuật toán hiệu hai hàm lồi xấp xỉ (iBDCA), một biến 
thể xấp xỉ của Thuật toán hiệu hai hàm lồi tăng cường (BDCA), để giải một bài toán tối ưu liên quan 
đến hiệu của hai hàm lồi mạnh, trong đó cả hai thành phần của hàm DC đều được giả thiết là khả 
vi và gradient của thành phần đầu tiên là liên tục Lipschitz. Thuật toán đề xuất bao gồm hai bước 
chính: đầu tiên, chúng tôi sử dụng một lược đồ dựa trên phương pháp hạ gradient để tìm nghiệm xấp 
xỉ cho một bài toán con liên quan đến phần lồi của hàm DC; tiếp theo, nghiệm xấp xỉ này được sử 
dụng để tính toán kích thước bước phù hợp cho lần lặp tiếp theo. Chúng tôi thiết lập sự hội tụ và tốc 
độ hội tụ của dãy lặp và dãy giá trị hàm mục tiêu tương ứng đến nghiệm tối ưu và giá trị tối ưu. 

Từ khóa: thuật toán DCA tăng cường; phân tích sự hội tụ; hàm DC; phương pháp hạ gradient 
xấp xỉ; tìm kiếm theo đường thẳng; kích thước bước 
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