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Abstract

We introduce a new interior-point method for solving convex quadratic programming
under full-Newton step. The method involves an equivalent algebraic transformation applied
to the system defining the central path. This approach provides an efficient search direction
for the considered algorithm. Furthermore, we show that the introduced method produces
an optimal solution within polynomial time. The established numerical tests conclude that
the newly proposed algorithm is not only polynomial but requires a number of iterations
clearly lower than that obtained theoretically.
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1. Introduction

Primal-dual path-following methods are among the most efficient
algorithms of interior-point methods (IPMs) for solving wide classes of
optimization problems thanks to their polynomial complexity and their
numerical efficiency [16, 22]. The success of these methods for solving
linear optimization (LO) leads researchers to extend it naturally to other
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important problems such as semidefinite programs (SDP) [12], quadratic
programs (QP) [2, 18], complementarity problems (CP) [3] and conic
optimization problems (COP).

Search directions computation is an important aspect of IPM. In
recent time, primal-dual methods that utilize kernel functions garnered
significant interest among researchers. This has led to a series of
publications that explore novel research directions, aiming to provide
polynomial complexity for both small and large-update algorithms. In this
sense, Bai et al. [4] presented a large class of eligible kernel functions,
which is fairly general and includes the classical logarithmic functions and
the self-regular functions, as well as many non-self-regular functions as
special cases. For some other related kernel function, we refer to [5, 6,7, 11,
13,14, 15].

Another technique for defining other search directions for LO was
given by Darvay [8]. This approach relies on transforming the centering
equations by an algebraic equivalent transformation (AET). Achache [1]
generalized this method for convex quadratic optimization (CQO), while
Wang and Bai [19, 20, 21] for semidefinite optimization (SDO), second-
order cone optimization (SOCO) and symmetric optimization (SO).

In 2018, Darvay and Takdacs [10] proposed another technique for
obtaining a new class of research directions for solving linear problem
(LP). The technique is based on applying the function ¢ on both sides of
a specific algebraic equivalent transformation of the centering equations
defined by Zhang and Xu [23].

Motivated by the above works, in this paper, we extend the technique
given in [10] to the convex quadratic programming (CQP) case. In our
analysis, we demonstrate that the obtained algorithm possess a polynomial

complexity, specifically achieving by O{@@J iteration bound.

The paper is organized as follows: In Section 2, we discuss the notion
of the central path for CQP. Section 3, explores the new descent direction
followed by an overview of the associated algorithm. Section 4 is dedicated
to the complexity analysis study, the convergence result and the total
number of iteration for optimality. Section 5, includes some numerical
experiments with accompanying observations. Section 6 presents the
conclusion of the paper.

2. The problem statement

Consider the CQP problem in its standard form:



INTERIOR POINT ALGORITHM FOR CONVEX QUADRATIC OPTIMIZATION 101

min%xTGx +r7x,
Mx=b, (CQP)
xeR!.

Where G represents a symmetric positive semidefinite matrix with
dimensions nxn, MeR™", such that Rank(M)= m<n, reR" and
beR"™. The dual problem of (CQP) will be expressed as:

maxb' A —%xTGx,
M'A-Gx+w=r, (CQD)
AeR",weR’.

Suppose that there exist an initial point (x’,A°,w") such that

Mx®=b, M A" -Gx*+uw’ =7,x° >0 and w° > 0.

This last condition is named the interior-point condition (IPC) for
both primal and dual problems.

Clearly, under the previous assumptions, finding an optimal solution
for both (CQP) and (CQD) is the same as solving a system of nonlinear
equations

Mx=b,
M'A-Gx+w=r, 1)
xw=0,x,w>0.

Here, xw means the coordinatewise product of x and w, hence

_ T
XW = (X, W, ,X,W,, .., X, W, ) .

The concept of primal-dual path-following IPMs is to replace the last
equation in system (1) with the parameterized equation xw =ne, where e
represents a vector of all ones with a length of n and 1>0. This leads us
to consider the system

Mx=b,
M'A-Gx+w=r, )
xw=ne, x,w>0.

If the IPC holds, then for a fixed >0, the n-center given by
Sonnevend [17] is the unique solution of system (2). For different 1, the
central path generate a sequence which converges to a primal-dual optimal
solution for both problems (CQP) and (CQD), when n — 0.
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3. New search direction

In this section, we generalize the technique introduced by Darvay et
al. [10] to get new search direction for CQP. Since (x,w,n) >0, we deduce
from (2)

xw

W _ oy [ [
n n n n
T T
with, ﬂ%mm&j >0 and ﬂz[ [uwn [ow, /ﬂ] ,
n n n n n n n n

Now, we can express the perturbed central path equivalently as
follows

Mx=b,

M'A-Gx+w=r, (3)
ww _ fow

n n’

Now, let’s define a continuously differentiable function ¢ on (k*,),
such that 0<k <1, and 2t¢'(t*) — @'(t) > 0, Vt>«x>. Applying the AET
technique on system (3), we obtain

Mx=b,
M'A-Gx+w=r, (4)

of3)-olf7)
Newton iteration applied to system (4) define:
(x,, A, w )=(x+Ax, A+ A%, w+ Aw),

here (Ax, A/I,Aw) is the search direction solution of the linear system
MAx =0,
M"AL-GAx +Aw =0, (5)

L wAx + xAw) = —<p[%)+<o[ L:'U]
n

of xw 1 o xw )’
o(%) ZJE("[ 7]
n

Defining the scaled search directions
d =X"'"VAx, andd, =W "'VAw,

with
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X =diag(x),W = diag(w) and V = diag(v), where v = \/%

Here, the matrices diag(x), diag(w), and diag(v) are diagonal
matrices that have the components of x, w and v, respectively. Hence, we
obtain

wAx +xAw =nv(d_+d )and nd d = AxAw. 6)

xw

Clearly, using the last notations, the system (5) can be represented as

Md_=0
M AL-Gd_+d, =0 @)
d+d =d.

Where

4 = 200)20(%)
7 209'(0%)-¢'(v)

7

M= %MV’IX and G = %V*lxcle.

Generic Primal-dual IPM for CQP
Input:

a proximity parameter 7 >1 (default 7 =);

an accuracy parameter € >0;

an update parameter ¥, 0<9 <1 (default ¥ = 1;/2)?

)0 5% e .
;U=
n n° 2

a strictly feasible point (x°,y°,w’); n° =
begin
(x,y,w)=(x",y°,w);
while x"w>¢ do
-Take n=(1-9%)n;
-Compute (Ax,AL, Aw) from (7) via (5);

-Take (x,A,w)=(x+Ax, A+ AL, w+ Aw);
end while
end.

Figure 1
Generic algorithm for CQP
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Let (p:{%,oo]—)R, o(t)=t". So

d _ U—U3 (8)

v 2nle

The condition 2t¢'(t*)—¢'(t)>0,Vt>Kk> is holds for x>= L.

Introducing a proximity measure
_ _ el _ 1) o-0?
o(v)=o(xw,n) = 7 2, )
here, ||.|| signifies the Euclidean norm.

We describe the generic algorithm in Figure 1.
The next section contains some results of the complexity analysis of
our algorithm.

4. Convergence and complexity analysis

Lemma 4.1: Let ¢, =d_—d_ . Then,
lle, <114, 1l (10)

Proof: From the last equation of system (7), we obtain

d :mand d :dv;cv'
2 w 2

Those give

2_ 2
dd, =%, (11)

on the other hand, we have
Id, IP=11d, +d, |’=ld, —d, I’ +4d.d, =|c,|? +4d d,.
Since Md =0 and G is a positive semidefinite matrix, then
dd =d ((_de ~M"AL) = d:édx —(Z\_/Idx )AL >0,
which gives ||c | <]|l4, |l

The next lemma gives a condition that guarantees the feasibility of
the full Newton step.

Lemma 4.2: If v > %e and o =o(xw,n)<1. Then

(x,,w,)>0.
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Proof: Let p €[0,1]. Denote by (x, (p),w, (p)) = (x+ pAx,w + pAw). So,
y + +
x, (p)w, (p)=xw + p(WAX + xAw) + p* AxAw.

In view of (6), we observe that

L) -2 4 pod, +d,) + P . (12)

n

Based on (7) and (11), we express

MPT (1-p)o* +p(* +vd,) + p’ [ 2]. (13)

In addition, from (8) we obtain
4

v* +oud, = —>e. (14)

20 —e

This last inequality follows directly from

(0" —e) >0 v 220" —e.

Then
xelpReP) > (1- pyo? +pe+p[ 2] pt
(15)
2 2 2
>2(1-py +p e—[(l—p)4v+p4v] .

x (p)w, (p)>0 when <1, Consequently,

0

o
(1_P)T+PI

d? I 17”00
H(l p)i.:,.p <(1- p)ll ”°°+p c
lld, 13 llc,lI3
S(l_p)T_'_p 1’
from (10), we get
H(l P) +p <(1- p)”d il _;,_p”d Al
S”dzlb =0’ <1.

So, x (p)w (p) >0 Vpe[0,1]. This indicates that the linear functions
x.(p) and w_ (p) do not switch signs within the interval [0,1] and for
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p=0, we have (x (0), w (0)) = (x,w) >0. As a result, it follows that
(x,(1), w, (1)) = (x,, w,) > 0.

The following lemma will be beneficial in the upcoming part of our
analysis.

Lemma 4.3: [9, Lemma 5.2] Let the decreasing function g:[u,o) — (0,),
such that u>0. Moreover, Let { € R" where min()>u. So

18()e—¢) < gmin(d))[le-¢* I < gu)lle—E2 .

In the next result, we give the conditions of quadratically convergent
of the proximity o.

. 1 _ 1 _ |xw, 1
Lemma 4.4: Suppose v > e and G—O'(xw,n)<$. Sov, = / e also

2
o(x,w, M) < 15: .

1-0°.

Proof: According to Lemma 4.2, we have (x_,s,)>0, this means that

x,w,

v, = is well defined.

Let’s set p=1. Consequently, from equation (13), it can be deduced
that

2 2
vfzx*;”* =vz+vdv+%—%”. (16)
Now, in view of (14) we have
2 2
v* +od =e+ (Zv;i i (17)
From (8), (16) and (17) we may write
2
2 (‘02—6)2 1( v=0° _ Clz,
0= 0 +Z[szfe] @
2 2 2112 2
P ) +(U(E—v ) _
20%—¢ (ZU 7e) 4 (18)
(0%—-e)? [ J 2
=e+ 5 l
20" —e 4(20%-¢)) 4
=e_|_( —e) (9v —4e) é
4(22; —e) 4

Using (8) and (18) we get



INTERIOR POINT ALGORITHM FOR CONVEX QUADRATIC OPTIMIZATION 107

2 2 2092
2 - -4
E—Uf=c—“—(v e) (29712 e)

4 4(2v°—e)

_ é _ (9212—43) . vz(e—vz)2
4 v? 4(202—3)2

_ i_ (902—43) 02 +0% 20t (19)
4 v? 4(?.v 7e)

_ é _ (902—46) . (0—113)2
4 v? 4(202—6)2

_ i_ (90> —4e) ﬁ

T4 2 4"

Since %74 <9, forall v> Le, and from (10
ince — <9, fora v>e, an rom (10), we get
v
2
le—o?<|2 2] loota0) 2] _ L [ +9||alv|| 105 (20)
M a—y

Beside these we know that & > 0 and we also have from (14) that

dZ

2
v =9* +od +-- S >e-
4 1

"b So

Hence

2 2
i d,
mm(vi)zl_%21_@zl I 4|| >1-62,

and this relation yields

min(v,) > V1-02. (21)

N
In view of (21) we get v_ > ﬁ' Moreover, using the definition of o, we got

On the other hand, from o <-L, it can be deduced that y1-0? > %

1 v
o, )=o(xw, n= 3l .

decreasing for all ¢ > % Therefore, by utilizing (20), (21) and Lemma 4.3,

we obtain

o(vJﬁlf(ﬁ)n(e—vi)u
<1 Y jie-?)]|

22(1 2) 1



108 B. ZAOUI, D. BENTERKI AND S. KHELLADI
< 50'2\/1—02
T 1262

With that, we have completed the proof.
The lemma bellow examines the forte duality gap.

Lemma 4.5: Let ¢ =o(xw,n). So

(x,) w, <n(n+90?).

Moreover, if ¢ < iz, then (x,)" w, < n(n+2j.
Proof: (17) gives
v +od =e +[4(2U2—€)j v?(e=v?)?
' 2 4@ -e)
2
- [864;]1 (22)
(%
d;
<e+8 o

and we know that
() w, =13, )
o4 @) ()}
= ni;[vi +vi(dv)i+T T]
(2 N, 1P =lle, I
= nizzl(vi +v,(d),)+ n[fj

& o (d)? I, 1P ~lle, I
S”E(HS . J+n[ n ]

|17 d |17
< 1+ 819 1]

<n(n+9c?).

Now, if o < % then ¢” <} and
T 9

(x,) w, < n(n+§).

With that, we have completed the proof.
Now, we show that the algorithm is well defined.

Lemma 4.6: Suppose that, v>%e, n,=1-9)n, with 0<¥<1 and o =

1 e &~ |xw, ~o b
o(xw,n) < 5 In addition, let 0= = So, 0> ¢ and
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o(@)=0(xw,,m,)< FJ:a o) (91 +1062).

Furthermore, when 0-<7 and 9=

then o(?) < 4

\/—’
Proof: By utilizing Lemma, 4.4 we have v, >Te From 7= -, we
deduce "
0= x*”’* 7—0 >\/_e V0<<l1.
Additionally
~ 1|0-9
o(0)== 23
®)=5 =" (23)
We have
~ 202—(1-®)e
20 €= 5" (24)
also
-9 =0(e—-0%)
=1 v (e—ivzj (25)
-9 L\ 1-9 "
1
= v (1-%)e-v
1-0)1-0 {(1=9) )
Then
5-7° 1 1-0
=0, (1-9%)e- —
20— (1—9W1-0 v.(( ) *) 202 —(1-0)e (26)
1
=—~7 1-9
= o (1-)e-2?).
Let f(t)— for all t> 7. Since f'(t)<0, we conclude that f is

decreasing for all t> ﬁ' Moreover, considering Lemma 4.3 and (26), we
get

o 1| 5-3° V1-62
=" < 1- 27
0=} < it 10 D=2 I 27)
From (20) we have
(1) —v2 || <||-De]|+]|e—v* || < 0/n + 1007, (28)

Hence, by using (27) and (28) we obtain
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—
O0) < i m(ﬂ\/ﬁﬂom

with that, we conclude the first part of the proof.
Now assumethat ¢ < ; and ¥ = ﬁ Inaddition, we have V1-0° <1
and ¢ >0. Then, we get

~ L1002
O'( ) /n+100> _ » 1100

2W1-9(1-262)  241-9(1-252)
s )
iy 49\12710) T 2 \1_p \294)°

For neN", we get 2J1-9=2 1—ﬁ= f4—ﬁ2 %1 Taking all

these inequalities into consideration, we conclude

o(0) < \/7 294)_W %

With that, we have completed the proof.

Lemma 4.7: Assume (x°,w’) a strictly feasible point with o(x"w’,n’) <

1
ﬁl
k iterations. So (x* ) w" < € holds when

k> {;log[no[’:@J .

Proof: Afterkiterations, n* = (1-9)'n°. From Lemma4.5and o(xw,n) < 715’
it becomes

x)w

and n° = . Additionally, (x*,w") is the obtained pair vectors after

() 'w* <nf [n+%) =1-9n° [n+%).
Hence, (x*)'w* <¢ is satisfied if
n’ [n+%j(1—19)" <e.

By introducing logarithms of both sides, and take into consideration
¥ <-log(1-1), the above inequality holds when

k® >log (no[n + %B —log(e) =log [,,0(,:+2)]

Hence,
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x| o 173

With that, we have completed the proof.

Theorem 4.1: Suppose that x° =w’ =e and consider the default values of ¥
and v, the algorithm presented in Figure requires at most

o[\/ﬁ log@]

interior-point iterations. Furthermore (x*)' w" <e.

) @

Proof: The case x" =w’ =e gives n° = =1. Substitute this value into

Lemma , the result remains valid.

5. Numerical experiments

This section deals with numerical experiments of our algorithm for
solving some CQP problems. We designate by x* the optimal solution of
(CQP), (A",w") the optimal solution of (CQD), T(s) the execution time
required to achieve optimality in second and Iter the number of iterations
This implementation is manipulated using Matlab. The chosen accuracy
parameter is €=107".

5.1 Examples with fixed size

The examples are taken from the literature [7]. We take ¥ €{0.2, 0.5,
0.7, 0.9} and n° e{“2“, 0.5,0.1}.

n

—4 4 200
1110 2 -6 2 4 00
Example 5.1: M = =17, r= ,G= .
1501 5 0 0 0 00
0 0 0 00
The starting points are:
0.9683 0.7612
o _|05775| 40 _(-09184] _ o _|0.9141
0.4543 |” —1.1244 )’ 0.9185 |
1.1444 1.1244

The obtained primal-dual optimal solutions are:
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1.1290
. _|07742
0.0969
0.0000

_ (~0.0001
-1.0321

j | 0.0000
,w =

0.0000

0.0002 |’
1.0321

B. ZAOUI, D. BENTERKI AND S. KHELLADI

For different values of ¥ and 7n°, we summarize the obtained results
of Example 5.1 in Tables 1, 2 and 3.

Table 1
Results of Example 5.1 for n° = );”’0 =0.7423
v 0.2 0.5 0.7 0.9
Iter 47 15 9 5
T(s) 0.014892 0.017392 0.008403 0.033754
Table 2
Results of Example 5.1 for n° =0.5
v 0.2 0.5 0.7 0.9
Iter 45 15 9 5
T(s) 0.014564 0.008402 0.008468 0.006912
Table 3
Results of Example 5.1 for n° =0.1
v 0.2 0.5 0.7 0.9
Iter 38 12 7 4
T(s) 0.013937 0.010756 0.023374 0.006627
1
1 12 18 0 9.31 -1.5
Example 5.2: M =3 -1 15 2 1|,b=|545|r=| 2 |,
-1 2 -3 4 2 6.60 1.5
3 20 1.2 05 05 -1
12 32 1 1 1
G=|0o5 1 14 1 1
05 1 1 15 1
-1

The starting points are:

1 1 1 16
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2.4539 7.1215
0.7875 20.5435 7.9763
x° =|15838|,A° = [ 9.4781 J,w" =|83150|.
2.4038 43927 6.8686
1.3074 7.9750

The obtained primal-dual optimal solutions are:

2.6321 0.0759
0.7019 25.2686 0.2846
X' =|13994 |, A" = [11.7725],30* =107 x| 0.1427|.
2.4643 5.2567 0.0811
1.0846 0.1842

113

For different values of ¢ and n°, we summarize the obtained results

of Example 5.2 in Tables 4, 5 and 6

Table 4

Results of Example 5.2 for n° = “2 %" =12.7727

¥ 0.2 0.5 0.7 0.9
Iter 61 23 20 20
T(s) 0.021739 0.011469 0.009939 0.009890
Table 5
Results of Example 5.2 for 1° =0.5
v 0.2 0.5 0.7 0.9
Iter 46 20 20 20
T(s) 0.014880 0.010996 0.010186 0.010035
Table 6
Results of Example 5.2 for 1’ =0.1
O 0.2 0.5 0.7 0.9
Iter 39 20 20 20
T(s) 0.013760 0.023863 0.010266 0.009855

Comment 1: According to the numerical experiments, we observe that
the iterations number and the time required for achieving optimality with
the algorithm are influenced by the values of the parameters ¥ and n°.
Surprisingly, it is observed that ¥#=0.9 and n°=0.1 offer the smallest
iterations number with minimal time.
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Now, let’s provide an example with a variable size to demonstrate the
efficiency of our obtained algorithm when dealing with problems of large
sizes.

5.2 Example with variable size

In this example, we take the best choice of ¥ and 7°, namely 8 =0.9
and n°=0.1. We note by Z* the optimal value of (CQP).

7

Example 5.3: Assume that n=2m, M[i,j]= {1 ifi=j or i+m=j

0 else

N 7 M
0 Vm+l<i<n 1

Wil=2 ¥ 1<i<m, r[i]={_l visismo oo
The starting points are:
Kli=x"li+m]=1, w'[i]=1,w'[i+m]=2,A[i]=-1 v 1<i<m.
The obtained primal-dual optimal solutions are:

XTil=2, % [i+m]=

s wps wr. 1
:E/ s w[Z]:w[Z_f—m]:O/l [Z]:E

N| =

VYV 1<i<m.

In Table 7, we provide a summary of the Example 5.3 results for
various sizes of (m,n).

Table 7

Numerical results of Example 5.3

(m, n) Iter T(s) z
(10, 20) 19 0.075756 -2.5000
(25, 50) 20 0.083204 -6.2500
(50, 100) 21 0.225048 -12.5000

(100, 200) 22 1.635784 -25.0000
(250, 500) 24 22.911453 -62.5000
(500, 1000) 25 163.186343 -125.0000
(600, 1200) 25 287.015770 -150.0000
(750, 1500) 25 526.791898 -187.5000

Comment 2: The numerical experiments demonstrate the efficiency of the
algorithm that we have proposed. This efficiency is measured by the small
iterations number and the reduced time to obtain the optimal primal-dual
solution (x",A",w"). Indeed, the number of iterations recorded in all the
examples tested is clearly lower than the theoretical number.
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6. Conclusion

We introduced a novel primal-dual interior point method for solving
convex quadratic programming problem. Our approach is a generalization
of [10] for linear optimization (LO). We demonstrated that the resulting
algorithm necessitates polynomial time to solve the considered problem.
Additionally, we established some numerical experiments, which were
acceptable and encouraging. Finally, we point out that implementing the
algorithm with the update parameter ¥ significantly reduces the number
of iterations required by our proposed algorithm and leads it to reach
their real numerical performances. The obtained results consolidate and
confirm our theoretical purpose.

References

[1] M. Achache, “A new primal-dual path-following method for convex
quadratic programming,” Comput. Appl. Math., vol. 25, no. 1, pp. 97—
110 (2006).

[2] M. Achache and M. Goutali, “A primal-dual interior point algorithm
for convex quadratic programs,” Stud. Univ. Babes-Bolyai Math. Series
Informatica, vol. LVII, no. 1, pp. 48-58 (2012).

[3] M. Achache, “A weighted path-following method for the linear com-
plementarity problem,” Stud. Univ. Babes-Bolyai Math. Series Informat-
ica, vol. 49, no. 1, pp. 61-73 (2004).

[4] Y. Q. Bai, M. El Ghami, and C. Roos, “A comparative study of kernel
functions for primal-dual interior point algorithms in linear optimi-
zation,” SIAM. J. Optim., vol. 15, no. 1, pp. 101-128 (2005).

[5] M. Bouafia, D. Benterki, and A. Yassine, “Complexity analysis of in-
terior point methods for linear programming based on a parameter-
ized kernel function,” RAIRO Oper. Res., vol. 50, pp. 935-949 (2016).

[6] M. Bouafia, D. Benterki, and A. Yassine, “An efficient primal-dual
interior point method for linear programming problems based on
a new kernel function with a trigonometric barrier term,” J. Optim.
Theory Appl., vol. 170, no. 2, pp. 528-545 (2016).

[7] N. Boudjellal, H. Roumili, and D. Benterki, “A primal-dual interior
point algorithm for convex quadratic programming based on a new
parametric kernel function,” Optimization, vol. 70, no. 8, pp. 1703—
1724 (2021).



116

(8]

[9]

(10]

(11]

(12]

(13]

(14]

(15]

[16]

(17]

(18]

(19]

B. ZAOUI, D. BENTERKI AND S. KHELLADI

Zs. Darvay, “New interior point algorithms in linear programming,”
Adv. Model. Optim., vol. 5, no. 1, pp. 51-92 (2003).

Zs. Darvay, I. M. Papp, and P. R. Takécs, “Complexity analysis of a
full-Newton step interior-point method for linear optimization,” Pe-
riod. Math. Hungar., vol. 73, no. 1, pp. 27-42 (2016).

Zs. Darvay and P. R. Takécs, “New method for determining search di-
rections for interior-point algorithms in linear optimization,” Optim.
Lett., vol. 12, pp. 1099-1116 (2018).

M. El Ghami, Z. Guennoun, S. Bouali, M. F. M. El Moudni, A. G.
Hammad, and A. A. B. Elhaj, “Interior point methods for linear op-
timization based on a kernel function with a trigonometric barrier
term,” J. Comput. Appl. Math., vol. 236, pp. 3613-3623 (2012).

Z. Feng and L. Fang, “A wide neighborhood interior-point method
with iteration-complexity bound for semidefinite programming,”
Optimization, vol. 59, no. 8, pp. 1235-1246 (2010).

B. Kheirfam, M. Moslem, “A polynomial-time algorithm for linear
optimization based on a new kernel function with trigonometric bar-
rier term,” Yugosl. J. Oper. Res., vol. 25, no. 2, pp. 233-250 (2015).

X. Li and M. Zhang, “Interior-point algorithm for linear optimization
based on a new trigonometric kernel function,” Oper. Res. Lett., vol.
43, no. 5, pp. 471-475 (2015).

M. Peyghami, S. Hafshejani, and L. Shirvani, “Complexity of interior
point methods for linear optimization based on a new trigonometric
kernel function,” J. Comput. Appl. Math., vol. 255, pp. 74-85 (2014).

C. Roos, T. Terlaky, and J. Ph. Vial, Theory and Algorithms for Linear
Optimization, An Interior Point Approach, Wiley, Chichester (1997).

G. Sonnevend, “An analytic center for polyhedrons and new classes
of global algorithms for linear (smooth, convex) programming,” in
Lect. Notes Control Inf. Sci., A. Prekopa, J. Szelezsan, and B. Strazicky,
Eds., vol. 84, pp. 866-876 (1986).

S. M. Stefanov, “On the solution of quadratic programming problem
with a feasible region defined as a Minkowski sum of a compact set
and finitely generated convex closed cone,” |. Inf. Optim. Sci., vol. 39,
no. 6, pp. 1223-1230 (2018), doi: 10.1080/02522667.2017.1317956.

G. Wang and Y. Bai, “A new primal-dual path-following interior-
point algorithm for semidefinite optimization,” |. Math. Anal. Appl.,
vol. 353, no. 1, pp. 339-349 (2009).



INTERIOR POINT ALGORITHM FOR CONVEX QUADRATIC OPTIMIZATION 117

[20] G. Wang and Y. Bai, “A primal-dual path-following interior-point al-
gorithm for second-order cone optimization with full Nesterov-Todd
step,” Appl. Math. Comput., vol. 215, no. 3, pp. 1047-1061 (2009).

[21] G. Wang and Y. Bai, “A new full Nesterov-Todd step primal-dual
path-following interior-point algorithm for symmetric optimiza-
tion,” J. Optim. Theory Appl., vol. 154, no. 3, pp. 966-985 (2012).

[22] S.]. Wright, Primal-dual interior point methods, SIAM (1997).

[23] L. Zhang and Y. Xu, “A full-Newton step interior-point algorithm
based on modified Newton direction,” Oper. Res. Lett., vol. 39, pp.
318-322 (2011).

Received July, 2022



