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Abstract In this paper, we propose an algorithm based on Fletcher’s Sl1QP
method and the trust region technique for solving Nonlinear Second-Order Cone
Programming (NSOCP) problems. The Sl1QP method was originally developed
for nonlinear optimization problems with inequality constraints. It converts a
constrained optimization problem into an unconstrained problem by using the
l1 exact penalty function, and then finds an optimum by solving approximate
quadratic programming subproblems successively. In order to apply the Sl1QP
method to the NSOCP problem, we introduce an exact penalty function with re-
spect to second-order cone constraints and reformulate the NSOCP problem as an
unconstrained optimization problem. However, since each subproblem generated
by the Sl1QP method is not differentiable, we reformulate it as a second-order
cone programming problem whose objective function is quadratic and constraint
functions are affine. We analyze the convergence property of the proposed algo-
rithm, and show that the generated sequence converge to a stationary point of
the NSOCP problem under mild assumptions. We also confirm the efficiency of
the algorithm by means of numerical experiments.

Keywords Nonlinear second-order cone programming problem, Trust region
method, Exact penalty function
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1 Introduction

In this paper, we focus on the following Nonlinear Second-Order Cone Program
(NSOCP):

(NSOCP) min
x

f(x)

s.t. g(x) ∈ K,
h(x) = 0,

(1.1)

where f : Rn → R, g : Rn → Rm and h : Rn → Rl are twice continuously
differentiable functions, and K denotes the Cartesian product of several second-
order cones (SOCs), i.e., K := Km1×Km2×· · ·×Kms with m = m1+m2+ · · ·+ms

and

Kmi :=

{
{x ∈ R | x ≥ 0} (mi = 1),{
x ∈ Rmi | x1 ≥ (x2

2 + · · ·+ x2
mi
)1/2
}

(mi ≥ 2).

In case of m1 = m2 = · · · = ms = 1, NSOCP (1.1) reduces to the standard
nonlinear program (NLP) since we have K = {x ∈ Rn | x ≥ 0}. This means that
the NLP is a special case of NSOCP (1.1). On the other hand, NSOCP (1.1) is
contained in the (nonlinear) semidefinite program (SDP), which is an optimization
problem with a matrix variable and semidefinite constraints, since we have

x0 ≥ ∥x̄∥ ⇐⇒
(

x0 x̄T

x̄ x0I

)
⪰ 0

for any (x0, x̄) ∈ R × Rmi−1. However, it is not desirable to solve an NSOCP as
an SDP since its variable is a matrix.

The NSOCP has a lot of applications such as the convex quadratic program-
ming problem with quadratic constraints [1], finite impulse response filter design
problems [8], etc. Among them, the robust optimization problem is one of impor-
tant applications. Consider the following problem:

min
x

p(x)

s.t. inf
ω∈W

ωT q(x) ≥ 0,
(1.2)

where p : Rn → R and q : Rn → Rm are given functions and W is the set defined
by

W := {ω0 +Qr ∈ Rm | r ∈ Rm′
, ∥r∥ ≤ 1}

with a given vector ω0 ∈ Rm and a matrix Q ∈ Rm×m′
. Noticing infω∈W ωT q(x) =

ωT
0 q(x)− ∥Qq(x)∥, problem (1.2) can be reformulated as

min
x

p(x)

s.t. ωT
0 q(x)− ∥Qq(x)∥ ≥ 0,

(1.3)
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which can be cast as NSOCP (1.1) by letting

g(x) :=

(
ωT
0 q(x)
Qq(x)

)
, K := Km′+1.

When the functions f, g and h are affine, NSOCP(1.1) is specially called a
Linear Second-Order Cone Program (LSOCP):

(LSOCP) min
x

cTx

s.t. Ax+ b = 0,
x ∈ K,

(1.4)

which has been studied extensively so far [1, 9, 10]. For solving LSOCP, the
primal-dual interior point method is known to be effective, and many software
packages have been developed [11, 12].

On the other hand, there have been only a limited number of studies for
NSOCP. For example, Kanzow, Ferenczi and Fukushima [6] proposed an algo-
rithm based on the nonsmooth Newton method for solving NSOCP. However,
they only focused on the problem with a nonlinear objective function and affine
SOC constraints. Yamashita and Yabe [13] proposed a primal-dual interior point
algorithm by combining a barrier penalty function and a potential function, and
showed that the algorithm possesses the global convergence property. Kato and
Fukushima [7] proposed an algorithm based on the sequential quadratic program-
ming (SQP) method, in which an approximate problem with quadratic objective
function and affine constraints are solved at each iteration. However, their al-
gorithm has the drawback such that the generated subproblems may not have a
feasible solution.

In this paper, we propose an algorithm based on Fletcher’s Sl1QP method
for solving NSOCP (1.1). In applying the method, we first introduce an l1 exact
penalty function to transform the NSOCP into an unconstrained optimization
problem. Then, we solve it by using the search direction, which is obtained as the
optimum of the following SOCP:

min
(d,γ,ζ)∈Rn×Rs×Rl

∇f(xk)Td+ 1
2
dTWkd+ ρ

(∑s
i=1 γi +

∑l
j=1 |ζj|

)
s.t. (∆k, d) ∈ Kn+1,

gi(xk) +∇gi(xk)Td+ γie
i ∈ Kmi (i = 1, · · · , s),

hj(xk) +∇hj(xk)Td+ ζj = 0 (j = 1, · · · , l),
γi ≥ 0,

(1.5)

where xk is the k-th iterative point, Wk is an appropriate given matrix, and
ei := (1, 0, . . . , 0)T ∈ Rmi . The SOC constraint (∆, d) ∈ Kn+1 in (1.5) implies that
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the Euclidean trust region with radius ∆k is imposed in each iteration. Moreover,
we notice that problem (1.5) is always feasible and can be solved by some existing
algorithm efficiently whenWk is positive semidefinite. Concerning the convergence
property of our algorithm, we show that, if an accumulation point x∗ of the
generated sequence is feasible to NSOCP (1.1), it must be a stationary point of
(1.1). Though there is no guarantee that the generated sequence converges to a
feasible point theoretically, we can observe that the accumulation point is feasible
in most cases by means of numerical experiments.

This paper is organized as follows. In section 2, we introduce an l1 exact
penalty function for NSOCP, and propose the Sl1QP algorithm on which the trust
region technique is imposed. In section 3, we analyze the convergence property of
the algorithm, and show that the generated sequence converges to the KKT point
of the NSOCP under mild assumptions. In section 4, we report some numerical
results to show the efficiency of the algorithm. In section 5, we conclude the paper
with some remarks.

The notation used in this paper is as follows. Sn denotes the set of n × n
symmetric matrices. For a vector x ∈ Rn with n ≥ 2, x0 and x̄ denote the
first component and the subvector consisting of the remaining n− 1 components,
respectively, that is, x =

(
x0

x̄

)
. For any vectors x and y, the vector (xT , yT )T is

often written as (x, y) for simplicity. For a vector x, ∥x∥ denotes the Euclidean
norm, i.e., ∥x∥ =

√
xTx and ∥x∥1 denotes the l1 norm, i.e., ∥x∥1 =

∑n
i=1 |xi|

2 Sl1QP Algorithm for Nonlinear Second-Order

Cone Programming Problem

The sequential l1 Quadratic Programming (Sl1QP) method was originally pro-
posed by Fletcher [4], which is a method for solving nonlinear programs with
inequality constraints. In this section, we extend the Sl1QP algorithm to the
NSOCP. To this end, we first transform NSOCP (1.1) into an unconstrained
problem by using the l1 exact penalty function. Then, we solve the unconstrained
problem by generating a sequence, which is calculated by using optima of approx-
imate quadratic subproblems with Euclidean trust region constraints.

2.1 l1 Exact Penalty Function

In this subsection, we first study the l1 penalty function for the general nonlinear
program with inequality constraints and then extend it to NSOCP (1.1).
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Consider the following nonlinear program:

min
x

f(x)

s.t. q(x) ≤ 0,
r(x) = 0.

(2.1)

where f : Rn → R, q : Rn → Rm and r : Rn → Rl are given twice continuously
differentiable functions. Then, the l1 exact penalty function fρ : Rn → R for
problem (2.1) is defined as

fρ(x) := f(x) + ρ

(
m∑
i=1

max(0, qi(x)) + ∥r(x)∥1

)
,

where ρ > 0 denotes the penalty parameter. Then, we can reformulate NLP (2.1)
as the following unconstrained problem:

min
x

fρ(x). (2.2)

Let S and Sρ be the sets of local minima of problem (2.1) and problem (2.2),
respectively. Let F be the feasible set of (2.1). Then, for a sufficient large ρ, it
is known that S ⊇ Sρ ∩ F [14, Proposition 4.1]. Hence, if we choose a sufficient
large ρ, then we may obtain a local optimum of problem (2.1) by solving (2.2).
However, we notice that Sρ may contain an infeasible point of problem (2.1), and
thus we may not find even a feasible solution if we apply some descent algorithm
to problem (2.2). Moreover, since problem (2.2) is nondifferentiable, we have to
introduce a certain technique for nondifferentiable optimization.

Now, we define the l1 exact penalty function for NSOCP (1.1). Let the function
ϕ : Rmi → R be defined as

ϕ(z) := z0 − ∥z̄∥, (2.3)

where z = (z0, z̄) ∈ R × Rmi−1. Since z ∈ K if and only if ϕ(z) ≥ 0, we can
reformulate NSOCP (1.1) as follows:

(NSOCP) min
x

f(x)

s.t. ϕ(gi(x)) ≥ 0 (i = 1, . . . , s),
h(x) = 0,

(2.4)

where gi(x) ∈ Rmi denotes the i-th sub vector of g(x) ∈ Rm corresponding to the
Cartesian structure of K, that is,

g(x) =
(
g1(x), g2(x), . . . , gs(x)

)
∈ Rm1 × Rm2 × · · · × Rms .
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Thus, by using the l1 exact penalty function, we can rewrite problem (2.4) as

min
x

fρ(x), (2.5)

where

fρ(x) := f(x) + ρ

(
m∑
i=1

max[0,−ϕ(gi(x))] + ∥h(x)∥1

)
. (2.6)

2.2 Sl1QP Method with Trust Region Technique

In this subsection, we provide an approach for solving the unconstrained problem
(2.5) by incorporating a trust region technique into the Sl1QP method. To this
end, we introduce the following function:

qk(d) := ∇f(xk)Td+
1

2
dTWkd

+ρ

(
s∑

i=1

max
(
0,−ϕ

(
gi(xk) +∇gi(xk)Td

))
+ ∥h(xk) +∇h(xk)Td∥1

)
,
(2.7)

where xk and Wk denote the k-th iteration point, and an approximation of the
Hessian of the Lagrangian of f , respectively. Notice that the above function is an
approximation of fρ defined by (2.6) at xk. Especially, the first two terms of qk(d)
represent the second-order approximation of the objective function f , and the last
term is the first-order approximation of the penalty term in fρ(x). Adding a trust
region constraint, we obtain the following problem:

min
d

qk(d)

s.t. ∥d∥ ≤ ∆k.
(2.8)

In our algorithm, we solve (2.8) to find the optimum dk in the k-th iteration,
and set the next iteration point by xk+1 := xk + dk. Since qk(d) involves the l1
norm and the max function, it is not differentiable. However, we can reformulate
problem (2.8) as the SOCP by using slack variables γ and ζ.

min
(d,γ,ζ)∈Rn×Rs×Rl

∇f(xk)Td+
1

2
dTWkd+ ρ

(
s∑

i=1

γi +
l∑

j=1

ζl

)
s.t. ∥d∥ ≤ ∆k,

−γi ≤ ϕ(gi(xk) +∇gi(xk)Td) (i = 1, . . . , s),
−ζ ≤ h(xk) +∇h(xk)Td ≤ ζ,
γ ≥ 0,

(2.9)
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where γ := (γ1, . . . , γs) ∈ Rs and ζ := (ζ1, . . . , ζl) ∈ Rl. Let ei := (1, 0, . . . , 0)T ∈
Rmi (i = 1, . . . , s). Note that ϕ(x) ≥ −γ if and only if x + (γ1e

1, . . . , γse
s) ∈ K,

we can rewrite (2.9) as

min
(d,γ,ζ)∈Rn×Rs×Rl

∇f(xk)Td+
1

2
dTWkd+ ρ

(
s∑

i=1

γi +
l∑

j=1

ζl

)
s.t. (∆k, d) ∈ Kn+1,

gi(xk) +∇gi(xk)Td+ γie
i ∈ Kmj (i = 1, · · · , s),

−ζ ≤ h(xk) +∇h(xk)Td ≤ ζ,
γ ≥ 0.

(2.10)

We can solve (2.10) by using an existing method such as [5, 12].

2.3 Algorithm

Summarizing the above arguments, we state the algorithm.

Algorithm 1

Step 0: Choose x0 ∈ Rn, ρ > 0, W0 ∈ Sn, 0 < η1 < η2 < 1, 0 < γ1 < 1 < γ2, and
∆0 > 0. Set k = 0.

Step 1: Solve subproblem (2.10) to obtain the optimum (dk, γk, ζk). If a certain
stopping criterion is satisfied, then STOP. Otherwise, go to Step 2.

Step 2: Let

rk :=
fρ(x

k)− fρ(x
k + dk)

qk(0)− qk(dk)
.

Step 3: Calculate xk+1 and ∆k+1 as follows:

(i) if rk ≤ η1, then set xk+1 := xk and ∆k+1 := γ1∆k;

(ii) if η1 < rk < η2, then set xk+1 := xk + dk and ∆k+1 := ∆k;

(iii) if rk ≥ η2, then set xk+1 := xk + dk and ∆k+1 := γ2∆k.

Step 4: Calculate Wk+1 in an appropriate manner. Set k := k+1 and go to Step
1.
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3 Global Convergence

Dennis, Li and Tapia [2] analyzed the conditions under which the trust region
method for a nonsmooth unconstrained optimization problem has the global con-
vergence. Utilizing their results, we prove the global convergence of Algorithm
1.

3.1 Directional Derivative and Regularity

We first introduce some concepts on the directional derivative and the regularity,
which play an important role in showing the global convergence.

Definition 1. A function F : Rn → R is said to be locally Lipschitz around x if
there exist some constants K > 0 and ϵ > 0 such that

|F (x1)− F (x2)| ≤ K∥x1 − x2∥

for any (x1, x2) ∈ Nϵ(x) × Nϵ(x), where Nϵ(x) := {y | ∥y − x∥ < ϵ}. Moreover,
the function F is said to be locally Lipschitz on a set U if it is locally Lipschitz
around any point x ∈ U .

Definition 2. Let F : Rn → R be a given function. Then,

(a) the one-sided directional derivative of F at x along the direction d ∈ Rn is
defined as

F ′(x; d) := lim
t↓0

F (x+ td)− F (x)

t
;

(b) the generalized directional derivative of F at x along the direction d ∈ Rn is
defined as

F ◦(x; d) := lim sup
y→x
t↓0

F (y + td)− F (y)

t
.

By using the above two types of directional derivatives, we define the regularity
for a scalar-valued function.

Definition 3. A function F : Rn → R that is locally Lipschitz around x is said
to be regular at x if F ′(x; d) exists for all directions d ∈ Rn and

F ′(x; d) = F ◦(x; d).

Moreover, the function F is said to be regular on a set U if it is regular at every
point of the set U .
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The following two propositions are useful in showing the global convergence
of our algorithm.

Proposition 1. [2, Theorem 2.8] Let U be an open convex set in Rn and let F
be a convex function on U . Then F is Lipschitz around any point x in U and
F ◦(x, d) coincides with f ′(x; d) for all d in Rn. Thus F is regular on U .

Proposition 2. [2, Corollary 2.9] Let U be an open convex set in Rn and let
H be a convex function on U . Let G : V ⊂ Rm → U ⊂ Rn be continuously
differentiable on V. Then the composite function C(x) = H(G(x)) is Lipschitz
around any point x in V and C◦(x; d) coincides with C ′(x; d) for all d in Rn.
Thus composite function C is regular on V .

3.2 Convergence Result

Next we show the global convergence of Algorithm 1. Dennis et al. [2] showed
that a certain trust region algorithm is globally convergent under some assump-
tions. Applying their result directly to Algorithm 1, we can readily obtain the
convergence result as follows.

Assumption 1. Let m(x,W )(d) be defined by

m(x,W )(d) := f(x) +∇f(x)Td+
1

2
dTWd

+ρ
( s∑

i=1

max(0,−ϕ
((
gi(x) +∇gi(x)

Td
))

+ ∥h(x) +∇h(x)Td∥1
)
.

Let X0 := {x | fρ(x) ≤ fρ(x0)}, where fρ is defined by (2.6) and x0 is the initial
point chosen in Step 0 of Algorithm 1. Let P ⊂ Sn be a certain bounded set
satisfying {Wk} ⊂ P . The following five conditions hold.

(a) P is bounded.

(b) The function fρ is regular on X0.

(c) For any d ∈ Rn, the local model m(x,W )(d) is continuous with respect to
(x,W ).

(d) For any (x,W ) ∈ X0×P , the local model m(x,W )(d) is regular with respect
to d ∈ Rn.

(e) For any (x,W ) ∈ X0 × P , the local model m(x,W )(d) satisfies

m(x,W )(0) = fρ(x)

and

m(x,W )◦(0; d) = f ◦
ρ (x; d).
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Theorem 1. [2, Theorem 4.3] Suppose that Assumption 1 holds. Then, any
accumulation point of {xk} generated by Algorithm 1 is a stationary point of fρ.

However, it is not evident whether or not Assumption 1 holds, and hence it
is important to derive the condition under which Assumption 1 holds. In what
follows, we show that all conditions (a)–(e) in Assumption 1 automatically hold,
provided that the generated sequences {xk} and {Wk} are bounded.

In fact, it is easily seen that Assumptions 1(a)–(d) hold.

Theorem 2. Suppose that the sequence {xk} and {Wk} generated by Algorithm
1 are bounded. Then, Assumptions 1(a)–(d) hold.

Proof. Since we readily have (a) and (c) from the boundedness of {Wk} and the
definition of m(x,W )(d), respectively, we only show (b) and (d).

We first show (b). Let

G(x) :=


f(x)
g1(x)
...

gm(x)
h(x)

 , (3.1)

H(z0, z1, . . . , zs, zs+1) := z0 + ρ
s∑

i=1

max(0,−ϕ(zi)) + ρ∥zs+1∥1, (3.2)

where z0 ∈ R, z1 ∈ Rm1 , . . . , zs ∈ Rms , and zs+1 ∈ Rl. Then fρ(x) is represented
as fρ(x) = H(G(x)). Since H is convex and G is continuously differentiable, fρ(x)
is regular on Rn by Proposition 2. We thus have (b).

We next show (d). Notice that the local model functionm(x,W )(d) = H(G(x)+
∇G(x)Td) + 1

2
dTWd is convex with respect to d for any fixed (x,W ). Hence, by

Proposition 1, m(x,W )(d) is regular with respect to d, i.e., (d) holds.

In order to show that Assumption 1(e) also holds, we define the function θ as
follows:

θ(x,W )(d) :=
F (x+ d)−m(x,W )(d)

∥d∥
. (3.3)

When functions fρ and m(x,W )(·) are regular, i.e., Assumptions 1(b) and (d)
hold, we can see whether Assumption 1(e) holds or not by checking the limit of
θ(x,W )(d) as ∥d∥ tends to zero.
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Lemma 1. [2, Lemma 2.13] Suppose that Assumptions 1(b) and (d) hold. Then,
for any (x,W ) ∈ X0 × Sn, the following three conditions are equivalent:

(i) m(x,W )(0) = fρ(x) and m(x,W )◦(0; d) = f ◦
ρ (x; d) for all d ̸= 0 in Rn;

(ii) lim∥d∥→0 θ(x,W )(d) = 0;

(iii) limt↓0 θ(x,W )(td) = 0 for all d ̸= 0 in Rn.

By using this lemma, we finally prove the validity of Assumption 1(e).

Theorem 3. Suppose that the sequences {xk} and {Wk} generated by Algorithm
1 are bounded. Then, Assumption 1(e) holds.

Proof. Since we can easily see thatm(x,W )(0) = fρ(x), we only showm(x,W )◦(0; d) =
f ◦
ρ (x; d). Let functions G,H and θ be defined by (3.1), (3.2) and (3.3), respec-
tively. From the Fréchet differentiability of G, we have

lim
∥d∥→0

∥σ(x, d)∥ = 0

for any x ∈ Rn, where

σ(x, d) :=
G(x+ d)−G(x)−∇G(x)Td

∥d∥
.

Now, notice that

fρ(x+ d) = H(G(x+ d))

= H(G(x) +∇G(x)Td+ σ(x, d)∥d∥) (3.4)

and

m(x,W )(d) = −1

2
dTWd+H(G(x) +∇G(x)Td), (3.5)

since

G(x) +∇G(x)Td =


f(x) +∇f(x)Td
g1(x) +∇g1(x)Td

...
gs(x) +∇gs(x)Td
h(x) +∇h(x)Td

 .
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We thus have

∥d∥|θ(x,W )(d)| = |fρ(x+ d)−m(x,W )(d)|

≤ |H(G(x) +∇G(x)Td+ σ(x, d)∥d∥)−H(G(x) +∇G(x)Td)|+ 1

2
∥W∥∥d∥2

≤ K∥σ(x, d)∥∥d∥+ 1

2
∥W∥∥d∥2,

where the first inequality is due to (3.4), (3.5) and the triangle inequality, and the
last inequality follows since Proposition 1 together with the convexity of H implies
that H is Lipschitz around G(x) +G′(x)d with some constant K. Therefore

lim
∥d∥→0

θ(x,W )(d) = 0

for every (x,W ) ∈ Rn × Sn. By Lemma 1, Assumption 1(e) holds.

By Theorems 1–3, we readily have the following result on the global conver-
gence of Algorithm 1.

Corollary 1. Suppose that the sequences {xk} and {Wk} generated by Algorithm
1 are bounded. Then, any accumulation point of {xk} is a stationary point of fρ.

4 Numerical Experiments

In this section, we report some numerical results. We implement Algorithm 1 on
MATLAB (Version R2012b) in which we apply the the solver [5] for the Second-
Order Cone Complementarity Problem to each subproblem (2.10). In Step 0 of
Algorithm 1, we set the parameters as ρ = 10, W0 = In, η1 = 0.5, η2 = 0.8,
γ1 = 0.5, γ2 = 1.1 and ∆0 = 1.0, where In ∈ Sn denotes the identity matrix. For
the stopping criterion, we use ∥dk∥ < 10−6 .

We update Wk by using the following modified BFGS formula:

Modified BFGS formula

Wk+1 := Wk −
Wks

k(sk)TWk

(sk)TWksk
+

wk(wk)T

(sk)Twk
,
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where

sk := xk+1 − xk,

yk := ∇L(xk+1, λk+1, µk+1)−∇L(xk, λk+1, µk+1),

wk := θky
k + (1− θk)Wky

k,

θk :=


1 if (sk)Tyk ≥ 0.2(sk)TWks

k

0.8(sk)TMks
k

(sk)T (Mksk − yk)
otherwise

,

with the Lagrange function L of fρ and the corresponding Lagrange multipliers
λk+1 and µk+1 for the SOC constraints and the equality constraints, respectively.
By using this formula, we can generate positive definite matrices successively if
the initial matrix W0 is positive definite.

In this experiment, we solve the following NSOCP.

min
x

exp(x1 − x2) + (x1 − x5)
4 +

1

2
∥x∥2 −

n∑
i=1

xi

s.t.

(
xTMix+ cTi x+mi

Aix− bi

)
∈ Kmi (i = 1, . . . , s)

(4.1)

where Mi ∈ Sn, Ai ∈ R(mi−1)×n, ci ∈ Rn and bi ∈ Rmi−1 are given matrices
and vectors. Each component of Mi, Ai, ci and bi are randomly chosen from the
interval [−1, 1]. Note that the objective function is convex, but the feasible set is
nonconvex. Moreover, this problem always has a feasible point x = 0.

We choose 9 different types of Cartesian structure K, and randomly generate
50 problem instances for each K, i.e., 450 instances in total. To each problem, we
apply Algorithm 1 with an initial point x0 ∈ Rn whose components are randomly
chosen from the interval [−1, 1]. When the number of iterations exceeds 500, then
we stop the iteration and regard it as a failure.

The obtained results are summarized in Table 1, in which kmin, kmax and kave
denote the minimum, the maximum, and the average value of the number of times
that subproblem (2.10) was solved, respectively. Moreover, “infeasible” means the
number of times that the sequence {xk} generated by Algorithm 1 converges to an
infeasible point of (4.1), and “fail” means the number of times that the algorithm
does not terminate within 500 iterations. In the column of K, (K5)2 × (K10)2

denotes K5 ×K5 ×K10 ×K10 for example.
From Table 1, we can see that Algorithm 1 terminates successfully in most

cases. Moreover, we can observe that, when the dimension m of K is fixed, the
number of iteration tends to become larger as the number of SOCs in K increases.
On the other hand, it is not affected by the dimension n of the decision variable
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n m K kmin kmax kave infeasible fail
10 10 (K5)2 18 187 37.74 0 0
20 15 (K5)3 21 271 56.43 0 1
20 20 (K5)4 21 273 83.30 0 0
20 20 (K10)2 20 389 49.06 0 0
40 30 (K5)2 × (K10)2 24 356 67.36 0 0
40 40 (K5)8 27 473 113.78 0 1
40 40 (K5)4 × (K10)2 24 372 88.30 0 0
40 40 (K10)4 24 452 63.70 0 0
40 40 (K20)2 25 212 38.78 0 0

Table 1: Numerical results for (4.1) with various choices of K

x so much. We also note that the generated sequence never converges to an
infeasible point of (4.1), though it may happen theoretically. This implies that
our algorithm finds the stationary point of NSOCP (4.1) in most cases.

5 Concluding Remarks

In this paper, we proposed an algorithm based on Fletcher’s Sl1QP method for
solving nonlinear second-order cone programming problems and show that the
algorithm has the global convergence property. We also confirm the efficiency of
the algorithm by means of numerical experiments. However, our algorithm still
admit much improvement. For example, it is an important issue to consider how
to update matrixWk and determine the penalty parameter ρ. In addition, the idea
of second order correction proposed by Fletcher [3] may improve our algorithm.
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