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Abstract
We present an implementation of interior-point methods for generalized power cones,
power mean cones and relative entropy cones, by exploiting underlying low-rank
and sparsity properties of the Hessians of their logarithmically homogeneous self-
concordant barrier functions.Weprove that the augmented linear system inour interior-
point method can be sparse and quasidefinite after adding a static regularization term,
enabling the use of sparse LDL factorization for nonsymmetric cones. Numerical
results show that our implementation can exploit sparsity in our test examples.

Keywords Nonsymmetric cone · Interior-point method · LDL factorization

1 Introduction

1.1 Literature Review

Convex optimization has been widely used in fields such as control engineering [3],
signal processing [17] and finance [8]. It encompasses common problem classes
such as linear programming (LP), quadratic programming (QP), second-order cone
programming (SOCP) and semidefinite programming (SDP) problems, as well as
other problems classes defined over more exotic cone constraints. Common mod-
ern approaches for general convex optimization include first-order operator-splitting
methods [13, 25], and second-order interior-point methods (IPM) [22], where the lat-
ter is generally preferred when high accuracy solutions are required. Interior-point
methods commonly employ ν-logarithmically homogeneous self-concordant barrier
(LHSCB) functions, which apply penalties on convex inequality constraints defined
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over cones. The parameter ν is related to the convergence speed of an IPM, where the
total iteration number is known to be O(

√
ν log(1/ε)) in theory.

State-of-the-art conic interior-point solvers commonly employ an infeasible
starting-point method where the initial iterate is chosen on the interior of any conic
inequality constraints, with linear equalities not necessarily satisfied until the interior-
point algorithm converges to optimality. Since general purpose optimization methods
must allow for the possibility of infeasible problems being posed, IPMs require amech-
anism that will work either by providing a solution (in the feasible case) or a certificate
of infeasibility (in the infeasible case). This requirement motivated the development
of the homogeneous self-dual embedding (HSDE) [34], which augments the original
problem to a new one that is always feasible. The new augmented problem is always
solvable, and from its solution one can recover either a solution or certificate of infeasi-
bility for the original problem. TheHSDEmethod is very popular and is widely used in
both open-source and commercial solvers, e.g. SCS [25], CVXOPT [32], ECOS [12]
and Mosek [19].

The great majority of research of conic IPMs focuses on problems with conic
constraints that are homogeneous self-dual (also called self-scaled), e.g. the nonneg-
ative, second-order and positive-semidefinite cones. Cones that do not possess the
self-scaled property are called nonsymmetric and are topics of more recent interests
for interior-point methods [23]. The exponential cone and the power cone are the two
most commonly studied, and are supported in the commercial solver Mosek [19] and
some open-source solvers like ECOS [12] and Clarabel [14]. It has also been shown
that some existing conic optimization problems can be solved more efficiently by
exploiting their special structure through the lens of nonsymmetric conic optimiza-
tion, like sparse SDPs [1] and sum of squares (SOS) programs [26]. TheMatlab-based
DDS [16] and Julia-based Hypatia [6] solvers support a variety of nonsymmetric cone
types that can solve many optimization problems more efficiently than their extended
formulations based on three-dimensional exponential cones or power cones.

However, we cannot exploit Nesterov-Todd (NT) scaling points for nonsymmet-
ric cones as already done in symmetric cones [21]. Instead a nonsymmetric strategy,
where the scaling point is chosen to be the primal (dual) iterate in each iteration, is
commonly used for nonsymmetric cones in solvers like ECOS and Hypatia. Recently,
a symmetric primal-dual scaling algorithm motivated by [31] is proposed in [10]
and implemented in Mosek and Clarabel [14]. Neighborhood check guarantees the
update iterates close to the central path and some metrics require computing conju-
gate gradients of conic barrier functions, which generally do not have closed-form
representations for nonsymmetric cones and efficient numerical methods have been
proposed in [15].

The power cone is a powerful tool to model various cones such as the p-norm cone,
the power mean cone and the generalized power cone [5]. The thesis of Chares [5]
describes a 3-self-concordant barrier function for the standard three-dimensional
power cone, and conjectured an (n + 1)-self-concordant barrier for the (n + 1)-
dimensional power coneK(n)

α := {
(x, z) ∈ R

n+ × R : ∏n
i=1 x

αi
i ≥ |z|}, whereα ∈ R

n≥
and

∑n
i=1 αi = 1. This was finally validated for a more general (n,m)-generalized

power cone K(n,m)
α := {

(x, z) ∈ R
n+ × R

m : ∏n
i=1 x

αi
i ≥ ‖z‖2

}
in [27]. The relative
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entropy cone can be regarded as the extension of three-dimensional exponential cone
and is suitable to model problems in circuit design, statistical learning and power
control in communication systems, etc. [4].

1.2 Organization

The paper is organized as follows: We introduce basic definitions of homogeneous
self-dual embedding and interior-point methods in Sect. 2. We then propose a gen-
eral structure that is suitable for sparse LDL factorization in Sect. 3. The proposed
augmented sparse decomposition of Hessians for nonsymmetric cones are shown in
Sect. 4. The implementation of the IPM is detailed in Sect. 5, and numerical results
are given in Sect. 6. Finally, the conclusion is summarized in Sect. 7.

1.3 Notation

R
d is the d-dimensional space of reals and R

d+ (Rd++) denotes the nonnegative (pos-
itive) orthant. Sn is the set of symmetric matrices in R

n×n . Functions f (·) and f ∗(·)
consist of a convex conjugate pair. The kth-order derivative is denoted by ∇k f (x).
The set of interior points of C is denoted by int (C). The inner product of vectors x, y
in the Euclidean spaceRn is denoted by 〈x, y〉 and the Euclidean norm of x is denoted
by ‖x‖. The product set of C1, C2 is denoted as C := C1 × C2, e.g. (x, y) ∈ C means
x ∈ C1, y ∈ C2. The index set {1, 2, . . . , d} is abbreviated as �d�. An n-dimensional
vector with value a for every entry is denoted by an . The indicator function δi, j is

δi, j =
{
1, i = j,

0, otherwise.

Diag(x) ∈ R
n×n denotes a diagonal matrix where x ∈ R

n fills in the diagonal terms.

2 ProblemDescription

We will consider the following primal-dual pair of conic optimization problems
throughout:

min
x,s

c
x

s.t. Gx = h,

Ax + s = b, s ∈ K,

(P)

max
y,z

− h
y − b
z

s.t. A
z + G
y + c = 0,

z ∈ K∗,
(D)

where G ∈ R
p×n, A ∈ R

m×n, c ∈ R
n, h ∈ R

p, b ∈ R
m , K is a nonempty, closed

convex cone and K∗ is the dual cone of K. We assume that K does not contain any
straight lines, i.e. it is pointed. We call problem P the primal problem andD the dual
problem.
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The problemP and its dualD are quite general, and cover a wide range of standard
problem types in numerical optimization. IfK is the nonnegative orthant, i.e.K = R+,
then P represents a linear program. Likewise, if K is the second-order cone Ksoc or
the positive semidefinite coneKsdp, thenP represents a second-order cone program or
semidefinite program, respectively. In each of these cases, or whereK is a composition
of cones of these types, the cone K is symmetric and satisfies the self-dual property
K = K∗.

In this paper we focus on problems in which the cone K is nonsymmetric and will
consider in detail a family of nonsymmetric cones for which we can exploit special
structure within an interior-point method. In the remainder of this section we sketch
an interior-point method for such cones, and subsequently consider in detail the issue
of sparsity exploitation for our cones of interest.

2.1 Logarithmically Homogeneous Self-Concordant Barrier (LHSCB) Functions

A function f : Rn → R is called ν−LHSCB for a convex coneK ⊂ R
n , if it satisfies

|∇3 f (x)[r , r , r ]| ≤ 2
(
∇2 f (x)[r , r ]

)3/2 ∀x ∈ int (K) , r ∈ R
n,

f (λx) = f (x) − ν log(λ) ∀x ∈ int (K) , λ > 0,
(2)

for a scalar ν ≥ 1. We first recall several properties of ν−LHSCB functions and refer
readers to [21] for more details.

The gradient g : Rn → R
n of a ν−LHSCB f satisfies

〈g(x), x〉 = −ν, ∀x ∈ int (K) . (3)

The convex conjugate function f ∗(y) : Rn → R, defined as

f ∗(y) := sup
x∈int(K)

{−〈y, x〉 − f (x)}, (4)

is also ν−LHSCB in the interior of K∗, and we call it the conjugate barrier. The
gradient g∗ of f ∗, which we call the conjugate gradient of f , is the solution of

g∗(y) := − arg sup
x∈int(K)

{−〈y, x〉 − f (x)}. (5)

The function f ∗ likewise has f and g as its conjugate and conjugate gradient,
respectively. From (3)–(5) it can be verified that

f ∗(y) = −〈y,−g∗(y)〉 − f (−g∗(y)) = −ν − f (−g∗(y)), ∀y ∈ int
(K∗) . (6)

For a ν−LHSCB f , the gradient mapping plus the conjugate gradient mapping will
eventually project a variable back to its original space, i.e.

−g∗(−g(x)) = x, ∀x ∈ int (K) , −g(−g∗(y)) = y, ∀y ∈ int
(K∗) . (7)
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2.2 Homogeneous Self-Dual IPM for Nonsymmetric Cones

We next introduce several basic building blocks for an IPM based on the HSDE for
nonsymmetric cones.

In the standard HSDE model, the KKT condition for P and D are modified to

⎡

⎢⎢
⎣

0
0
s
κ

⎤

⎥⎥
⎦ =

⎡

⎢⎢
⎣

0 G
 A
 c
−G 0 0 h
−A 0 0 b
−c
 −h
 −b
 0

⎤

⎥⎥
⎦

⎡

⎢⎢
⎣

x
y
z
τ

⎤

⎥⎥
⎦

(s, z, κ, τ ) ∈ F , x ∈ R
n, y ∈ R

p,

(8)

where F := K × K∗ × R+ × R+ and the cone K may represent the composition of
multiple standard cone types. We refer to (8) as an HSDE model for P–D since the
problem of finding a feasible point for (8) is dual to itself1, and any nonzero feasible
point (x∗, y∗, z∗, s∗, τ ∗, κ∗) of (8) can be used to extract either a solution to P–D
or a certificate of infeasibility [29]. The IPM amounts to a Newton-like method for
finding a feasible point for (8).

The optimality condition in a convex problem includes a complementary slackness
condition, which is achieved in the zero limit of the central path in an IPM. For
symmetric cones, e.g. nonnegative, second-order and positive-semidefinite cones, we
can exploit the self-scaled property [21] that ensures a unique (symmetric) Nesterov-
Todd (NT) scaling point [21] is obtained from the combination of primal and dual
variables. In the case of nonsymmetric cones, the nonsymmetric scaling is a popular
choice [1, 23, 29] and is implemented in ECOS [28]. A primal-dual scaling with a
3rd-order correction is also effective and is implemented in Mosek [10]. In this paper,
we will employ a nonsymmetric strategy with the scaling at dual iterates so that we can
exploit the low-rank information or sparsity of Hessians of barrier functions directly.

Given some initial point (x0, y0, s0, z0, τ 0, κ0) with (s0, z0) ∈ int (K) × int (K∗),
the central path is parametrized by μ ∈ (0, 1] and the gradient g∗(z) of the barrier
function f ∗(z), satisfying

⎡

⎢⎢
⎣

0
0
s
κ

⎤

⎥⎥
⎦ =

⎡

⎢⎢
⎣

0 G
 A
 c
−G 0 0 h
−A 0 0 b
−c
 −h
 −b
 0

⎤

⎥⎥
⎦

⎡

⎢⎢
⎣

x
y
z
τ

⎤

⎥⎥
⎦+ μ

⎡

⎢⎢
⎣

qx
qy
qz
qτ

⎤

⎥⎥
⎦ ,

(s, z, κ, τ ) ∈ F ,

s = −μg∗(z), τκ = μ,

(9)

1 NB: this does not require that the cone K should be self-dual.
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where

qx = −G
y0 − A
z0 − cτ 0, qy = Gx0 − hτ 0,

qτ = κ + c
x0 + h
y0 + b
z0, qz = s0 + Ax0 − bτ 0.

For an IPMwith nonsymmetric cones,we require that every iterate should remain close
to the central path. Standard metrics for this distance include the proximity measure
in [23, 29] and one defined in terms of shadow iterates [10, 31].

2.3 Computation of the KKT System

In order to solve (8) we adopt the widely-used affine-centering (predictor-corrector)
framework due to its excellent practical performance. We provide implementation
details for this method in Sect. 5. Note that the step equations for both the predictor
and the corrector steps can be written in the unified general form [32]

⎡

⎢⎢
⎣

0 G
 A
 c
−G 0 0 h
−A 0 0 b
−c
 −h
 −b
 0

⎤

⎥⎥
⎦

⎡

⎢⎢
⎣

	x
	y
	z
	τ

⎤

⎥⎥
⎦−

⎡

⎢⎢
⎣

0
0

	s
	κ

⎤

⎥⎥
⎦ =

⎡

⎢⎢
⎣

dx
dy
dz
dτ

⎤

⎥⎥
⎦ ,

μH∗(z)	z + 	s = −ds, τ	κ + κ	τ = −dκ ,

(10)

where only the choice of right-hand side term dx , dy, dz, ds, dτ , dκ differs between
the affine and the centering step directions in a given iterate. The Hessian of the
barrier f ∗ is denoted as H∗(z) ≡ ∇2 f ∗(z) : Rn → S

n , which is positive definite for
∀z ∈ int (K∗).

We typically expect the data matrices G and A to be sparse, particularly for large
problems, so we adopt the same approach as [14, 32] to preserve this sparsity while
reducing the system to one that we can perform a symmetric linear solve. We first
substitute the last two equations into the first one to obtain

⎡

⎢⎢
⎣

0 G
 A
 c
G 0 0 −h
A 0 −μH∗(z) −b

−c
 −h
 −b
 κ
τ

⎤

⎥⎥
⎦

⎡

⎢⎢
⎣

	x
	y
	z
	τ

⎤

⎥⎥
⎦ =

⎡

⎢⎢
⎣

dx
−dy

ds − dz
dτ − dκ/τ

⎤

⎥⎥
⎦ .

This can then be solved by solving a symmetric linear system twice with different
right-hand sides, i.e.

K

⎡

⎣
x1
y1
z1

⎤

⎦ =
⎡

⎣
dx

−dy
ds − dz

⎤

⎦ , K

⎡

⎣
x2
y2
z2

⎤

⎦ =
⎡

⎣
−c
h
b

⎤

⎦ , (11)
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where K is defined as

K :=
⎡

⎣
0 G
 A

G 0 0
A 0 −Hμ

⎤

⎦ (12)

with Hμ := μH∗(z) for the nonsymmetric scaling. Only the lower right-hand block
Hμ, which may be dense in general, would be different if we had instead employed
a primal-dual scaling strategy [10]. Finally, we obtain the solution of (10) by first
solving for 	τ as

	τ = dτ − dκ/τ + c
x1 + h
y1 + b
z1
κ/τ − c
x2 − h
y2 − b
z2

,

followed by

	x = x1 + 	τ x2,

	y = y1 + 	τ y2,

	z = z1 + 	τ z2,

	s = −ds − Hμ	z,

	κ = − (dκ + κ	τ) /τ.

Observe that we only need to factorize the matrix K once at each iteration before
performing the two linear solves in (11). We utilize sparse LDL factorization [11]
with static ordering to factorize the matrix K . We add a small regularization term to
the diagonal of K so that it becomes symmetric quasidefinite and the sparse LDL
factorization always exists with diagonal D even after any symmetric permutation
P [33], i.e. K = PLDL
P
.

3 Augmented Sparsity

We will consider a class of nonsymmetric cones for which the term Hμ that appears
as the lower right-hand block in (12) is the sum of a sparse matrix plus a few low-rank
dense terms, and satisfies a certain quasidefiniteness condition.

Definition 1 Suppose the matrix H is of the form

H := D +
n1∑

i=1

uiu


i −

n2∑

j=1

viv


i , (13)

where ui , vi ∈ R
n, D ∈ S

n×n is sparse and n1, n2 � n. We will say that H is
augmented-sparse if D − ∑n2

j=1 viv


i � 0. The corresponding augmented sparse

matrix is

Haug :=
⎡

⎣
D V U
V
 In2
U
 −In1

⎤

⎦ ,
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with V = [v1, . . . , vn2 ],U = [u1, . . . , un1 ].
Lemma 1 If H is augmented-sparse then Haug is quasidefinite.

Proof A sufficient condition is for the upper left 2×2 block of H to be positive definite
[33]. This follows immediately since the Schur complement D − VV T is positive
definite by assumption.

If Hμ in (12) is augmented-sparse, we can solve (11) via an equivalent linear system.
For example, the last row of the left equation in (11), i.e. Ax − Hμz1 = ds − dz
becomes

⎡

⎣
A
0
0

⎤

⎦	x −
⎡

⎣
D V U
V
 In2
U
 −In1

⎤

⎦

︸ ︷︷ ︸
(Hμ)aug

⎡

⎣
	z1
tv
tu

⎤

⎦ =
⎡

⎣
ds − dz

0
0

⎤

⎦ (14)

with additional variables tu ∈ R
n1 , tv ∈ R

n2 , which is both larger and sparser than the
equivalent term in (11). The same applies to the last row of the right equation in (11).
For (14), the number of nonzero entries in (Hμ)aug is [nnz(D)+n(n1+n2+2)], which
is much smaller than the number of entries in a dense Hessian form if n1, n2 � n. We
therefore expect that an LDL factorization of (Hμ)aug will have significantly sparser
factors than would be obtained by direct factorization of Hμ. Such a property has been
exploited for SOCPs in ECOS under the NT (primal-dual) scaling strategy [12]. We
will show how this approach can also be utilized in the nonsymmetric scaling strategy
for nonsymmetric cones.

4 Sparse Hessian Decompositions for Nonsymmetric Cones

In this section we describe three nonsymmetric cones that can be shown to have
augmented-sparse structure in the sense of Definition 1. We introduce fundamental
definitions and barrier functions for these nonsymmetric cones in Sect. 4.1, and then
detail the underlying augmented-sparse structures in Sect. 4.2.

4.1 Nonsymmetric Cones

We will show that the sparse structure can be exploited in three nonsymmetric cones
of interest: generalized power cones, power mean cones and relative entropy cones.
They are defined as follows:

Definition 2 [Generalized power cone] The generalized power cone is parametrized
by α ∈ R

d1++ such that
∑

i∈�d1� αi = 1 and is defined as

Cgpow(α,d1,d2) =
⎧
⎨

⎩
(u, w) ∈ R

d1+ × R
d2 :

∏

i∈�d1�

uαi
i ≥ ‖w‖

⎫
⎬

⎭
. (15a)
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Its dual cone is

C∗
gpow(α,d1,d2) =

⎧
⎨

⎩
(u, w) ∈ R

d1+ × R
d2 :

∏

i∈�d1�

(
ui
αi

)αi

≥ ‖w‖
⎫
⎬

⎭
. (15b)

Note that the dual generalized power cone is a linear transformation of the primal
generalized power cone.

Definition 3 [Power mean cone] The power mean cone is parametrized by α ∈ R
d1++

such that
∑

i∈�d� αi = 1 and is defined as

Cpowm(α,d) =
⎧
⎨

⎩
(u, w) ∈ R

d+ × R :
∏

i∈�d�

uαi
i ≥ w

⎫
⎬

⎭
. (16a)

Its dual cone is

C∗
powm(α,d) =

⎧
⎨

⎩
(u, w) ∈ R

d+ × R− :
∏

i∈�d�

(
ui
αi

)αi

≥ −w

⎫
⎬

⎭
. (16b)

Note that the geometric mean cone [6] is a special case of the power mean cone
where αi = 1

d ,∀i ∈ �d�.

Definition 4 [Relative entropy cone] The relative entropy cone is defined as

Crel(d) = cl

⎧
⎨

⎩
(u, v, w) ∈ R × R

d++ × R
d++ : u ≥

∑

i∈�d�

wi log

(
wi

vi

)
⎫
⎬

⎭
. (17)

Its dual cone is

C∗
rel(d) = cl

{
(u, v, w) ∈ R++ × R

d++ × R
d : wi ≥ u

(
log

(
u

vi

)
− 1

)
,∀i ∈ �d�

}
.

(18)

A generalized power cone reduces to a second-order cone when d1 = 1 while it
looks similar to a powermean conewhend2 = 1. Thismotivates us to considerwhether
we can exploit sparsity of these nonsymmetric cones using an approach similar to the
one that was described for second-order cones in [12]. The answer is yes if we choose
the nonsymmetric scaling strategy for these cones in a IPM.

We therefore choose the nonsymmetric scaling strategy in our IPM throughout the
paper. We will formulate our problems such that the cone treated as the “dual” cone
K∗ in our general primal-dual problem pair (P)–(D) is actually one of the cones
Cgpow(α,d1,d2), Cpowm(α,d) or Crel(d) from Definitions 2–4. We consequently require ν-
LHSCB conjugate barrier functions for their support within an interior-point method,
which have been defined already in [6, 16]:
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Definition 5 The barrier functions for generalized power cones, power mean cones
and relative entropy cones are defined as follows:

1. The function

fgpow(u, w) = − log

⎛

⎝
∏

i∈�d1�

u2αii − ‖w‖2
⎞

⎠−
∑

i∈�d1�

(1 − αi ) log (ui ) (19)

is a (d1 + 1)-LHSCB function of Cgpow (α,d1,d2) where α, u ∈ R
d1++, w ∈ R

d2 .
2. The function

fpowm(u, w) = − log

⎛

⎝
∏

i∈�d�

uαi
i − w

⎞

⎠−
∑

i∈�d�

log (ui ) (20)

is a (d + 1)-LHSCB function of Cpowm(α,d) where α, u ∈ R
d++, w ∈ R.

3. The function

frel(u, v, w) = − log

⎛

⎝u −
∑

i∈�d�

wi log

(
wi

vi

)⎞

⎠−
∑

i∈�d�

(log (vi ) + log (wi ))

(21)

is a (2d + 1)-LHSCB function of Crel(d) where v,w ∈ R
d++.

4.2 Sparsity Exploitation

For the nonsymmetric scaling strategy at iteration k, the scaling matrix Hμ is set to
Hk

μ = μk H∗(zk), where μk := 〈sk, zk〉/ν > 0 is the centering parameter and H∗(zk)
is the Hessian of a barrier function at zk ∈ K∗ with degree ν. Hence,we can exploit the
augmented-sparse structure of the scaling matrix Hk

μ as long as H∗(zk) is augmented-
sparse. For the remainder of this section, we will show that the Hessians of barrier
functions defined in Definition 5 are augmented-sparse or can be made augmented-
sparse by adding a positive regularization to their diagonal, and thus so are the related
scaling matrices Hk

μ.

4.2.1 Generalized Power Cone

We start by establishing the augmented-sparse property for the Hessian of generalized
power cones:

Theorem 2 The Hessian of the barrier function f ∗(z) = fgpow (u, w) defined in (19)
for the generalized power cone satisfies Definition 1 with n1 = 1, n2 = 2, i.e.

H∗(z) = D + pp
 − qq
 − rr
,
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where z =: (u, w) and D − qq
 − rr
 � 0. The parameters D, p, q, r are given by

D =

⎡

⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢
⎣

. . .
τiϕ
ζui

+ 1−αi
u2i

. . .
︸ ︷︷ ︸

D1
2
ζ

· Id2
︸ ︷︷ ︸

D2

⎤

⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥
⎦

, p =
[
p0 · τ

ζ

p1 · w
ζ

]

,

q =
[
q0 · τ

ζ

0

]
, r =

[
0

r1 · w
ζ

]
,

(22a)

with

p0 =
√

ϕ(ϕ + ‖w‖2)
2

, p1 = −2

√
2ϕ

ϕ + ‖w‖2 ,

q0 =
√

ζϕ

2
, r1 = 2

√
ζ

ϕ + ‖w‖2 ,

(22b)

where ϕ = ∏
i∈�d1� u

2αi
i , τi = 2αi

ui
,∀i ∈ �d1�, and ζ = ∏

i∈�d1� u
2αi
i − ‖w‖2.

Proof of Theorem 2 The gradient and Hessian for fgpow(u, w) (19) are given by

∇ui f = −τiϕ

ζ
− 1 − αi

ui
, ∀i ∈ �d1�,

∇wi f = 2wi

ζ
, ∀i ∈ �d2�,

∇2
ui ,u j

f = τiτ jϕ

ζ

(
ϕ

ζ
− 1

)
+ δi, j

(
τiϕ

ζui
+ 1 − αi

u2i

)

, ∀i, j ∈ �d1�,

∇2
ui ,w j

f = −2τiϕw j

ζ 2 , ∀i ∈ �d1�,∀ j ∈ �d2�,

∇2
wi ,w j

f = 4wiw j

ζ 2 + δi, j
2

ζ
, ∀i, j ∈ �d2�.

p0, p1, q0, r1 should satisfy the conditions

p20 − q20 = ϕ(ϕ − ζ ) = ϕ‖w‖2, p0 p1 = −2ϕ, p21 − r21 = 4,

to match coefficients in the Hessian. Given the parameter choices in (22), we find
D − qq
 − rr
 is 2 × 2 block-diagonal and the condition D − qq
 − rr
 � 0
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becomes

D1 − q20

(
τ

ζ

)
·
(

τ

ζ

)

� 0 and D2 − r21

(
w

ζ

)
·
(

w

ζ

)

� 0,

which is equivalent to

1 − q20

(
τ

ζ

)

D−1
1

(
τ

ζ

)
= 1 −

∑

i∈�d1�

q20 · τ 2i
ζ 2

τiϕ
ζui

+ 1−αi
u2i

= 1 −
∑

i∈�d1�

4α2
i q

2
0

ζ(2αiϕ + (1 − αi )ζ )
> 0,

(23a)

and

1 − r21

(
w

ζ

)

D−1
2

(
w

ζ

)
= 1 − r21

‖w‖2
ζ 2 · ζ

2
> 0, (23b)

due to their Schur complements. If we set q0 =
√

ζϕ
2 , r1 = 2

√
ζ

ϕ+‖w‖2 , (23a) is
satisfied by

1 −
∑

i∈�d1�

4α2
i q

2
0

ζ(2αiϕ + (1 − αi )ζ )
> 1 −

∑

i∈�d1�

4α2
i q

2
0

2ζαiϕ
= 1 − 2q20

ζϕ
= 0,

and (23b) is satisfied by

1 − r21
‖w‖2
ζ 2 · ζ

2
= 1 − 2‖w‖2

ϕ + ‖w‖2 = ζ

ϕ + ‖w‖2 > 0.

Hence, D − qq
 − rr
 � 0. ��

Since the scaling matrix Hμ is augmented-sparse, we can employ an expanded
sparse linear system

⎡

⎢⎢
⎣

A
0
0
0

⎤

⎥⎥
⎦	x − μ

⎡

⎢⎢
⎣

D q r p
q
 1 0 0
r
 0 1 0
p
 0 0 −1

⎤

⎥⎥
⎦

︸ ︷︷ ︸
(Hμ)aug

⎡

⎢⎢
⎣

	z1
tq
tr
tp

⎤

⎥⎥
⎦ =

⎡

⎢⎢
⎣

ds − dz
0
0
0

⎤

⎥⎥
⎦ , (24)
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in our interior-point step equation (11), where (Hμ)aug is quasidefinite and strongly
factorizable [33]. Instead of (24), we solve the linear system

⎡

⎢⎢
⎣

A
0
0
0

⎤

⎥⎥
⎦	x −

⎡

⎢⎢
⎣

μD
√

μq
√

μr
√

μp√
μq
 1 0 0√
μr
 0 1 0√
μp
 0 0 −1

⎤

⎥⎥
⎦

⎡

⎢⎢
⎣

	z1
t ′q
t ′r
t ′p

⎤

⎥⎥
⎦ =

⎡

⎢⎢
⎣

ds − dz
0
0
0

⎤

⎥⎥
⎦ , (25)

which yields the same 	x,	z1 as (24). During direct factorization we find that the
pivoting for (25) is more numerically stable than for (24) since the magnitude of
diagonal terms of (Hμ)aug increases from μ to 1 and the ratio of off-diagonal to
diagonal terms also decreases, e.g. q to

√
μq.

In addition, the memory requirement for the rank-3 update of generalized power
cones is equivalent to a rank-2 update due to the presence of zeros in q, r .

4.2.2 Power Mean Cone

We next establish the augmented-sparse property for the power mean cone:

Theorem 3 The Hessian of the barrier function f ∗(z) = fpowm(u, w) defined in (20)
for the power mean cone satisfies Definition 1 with n1 = 1, n2 = 1 given a positive
regularization ρ > 0, i.e.

H∗(z) = D + pp
 − qq
,

where z =: (u, w) and D + ρ I − qq
 � 0. The parameters D, p, q are given by

D =

⎡

⎢⎢⎢⎢⎢
⎣

. . .
τiϕ
ui

+ 1
u2i

. . .

0

⎤

⎥⎥⎥⎥⎥
⎦

, p =
[
p0 · τ

p1 · 1
ζ

]
, q =

[
q0 · τ

0

]
, (26a)

with
p0 = ϕ, p1 = −1, q0 = √

ζϕ, (26b)

where we define ϕ = ∏
i∈�d� u

αi
i , ζ = ϕ − w and τ ∈ R

d with τi = αi
ui ζ

,∀i ∈ �d�.
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Proof of Theorem 3 The gradient and Hessian of (20) are

∇w f = 1

ζ
,

∇ui f = −ϕτi − 1

ui
,

∇2
w,w f = 1

ζ 2 ,

∇2
w,ui f = −ϕτi

ζ
,

∇2
ui ,u j

f = ϕτiτ jw + δ(i, j)

(
ϕτi

ui
+ 1

u2i

)

,

According to the Schur complement lemma, the condition D + ρ I − qq
 � 0 is
equivalent to ρ > 0 and

1 − q20τ


[

Diag

(
τiϕ

ui
+ 1

u2i
+ ρ

)]−1

τ � 0

=1 −
∑

i∈�d�

ϕζτ 2i
τiϕ
ui

+ 1
u2i

+ ρ
> 1 −

∑

i∈�d�

α2
i

αi + ζ
ϕ

> 0,

which is valid since (u, w) ∈ int
(Cpowm(α,d)

)
implies ζ, ϕ > 0. Hence, we have

D + ρ I − qq
 � 0. ��

The value ρ > 0 is referred to as a static regularization term and is commonly used
in matrix factorization [24]. Note that the augmented-sparse structure of power mean
cones is similar to the case of generalized power cones in Theorem 2, but with r = 0.
We can therefore use an expanded sparse linear system as (24) with a numerically
stable variant similar to (25) for solving equations (11).

4.2.3 Relative Entropy Cone

We can also exploit the augmented-sparse property in relative entropy cones after
adding a static regularization:

Theorem 4 The Hessian of the barrier function (21) f ∗(z) = frel(u, v, w) for the
relative entropy cone satisfies Definition 1 with n1 = 1, n2 = 0 after a positive
regularization ρ > 0, i.e.

H∗(z) = D + pp
,

123



Journal of Optimization Theory and Applications           (2025) 204:33 Page 15 of 28    33 

where z =: (u, v, w) and D � 0, D + ρ I � 0. The parameters D, p are given by

D =
⎡

⎣
0 0 0
0 Dvv Dvw

0 Dwv Dww

⎤

⎦ � 0, p =
⎡

⎣
1
ζ

σ

τ

⎤

⎦ , (27)

with

Dvv = Diag

([

· · · ,
σi

vi
+ 1

v2i
, · · ·

])

,

Dww = Diag

([

· · · ,
1

ζwi
+ 1

w2
i

, · · ·
])

,

Dvw = Dwv = Diag

([
· · · ,− 1

ζvi
, · · ·

])
,

where ζ = u − ∑
i∈�d� wi log

(
wi
vi

)
, τi = −ζ−1

(
log

(
wi
vi

)
+ 1

)
,∀i ∈ �d�, σi =

wi
ζvi

,∀i ∈ �d�.

Proof The gradient of the barrier function (21) is

∇u f = −1

ζ
,

∇vi f = −σi − 1

vi
,

∇wi f = − 1

wi
− τi ,

with the Hessian

∇2
u,u f = 1

ζ 2 ,

∇2
u,vi

f = σi

ζ
,

∇2
u,wi

f = τi

ζ
,

∇2
vi ,v j

f = σiσ j + δ(i, j)

(
σi

vi
+ 1

v2i

)

,

∇2
vi ,w j

f = σiτ j − δ(i, j)
1

ζvi
,

∇2
wi ,w j

f = τiτ j + δ(i, j)

(
1

ζwi
+ 1

w2
i

)

.
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Since Dv,v, Dw,w � 0, we have

[
Dvv Dvw

Dwv Dww

]
� 0 ⇔ Dv,v − Dv,wD−1

w,wDw,v � 0,

due to the Schur complement, which is equivalent to

σi

vi
+ 1

v2i
−

1
ζ 2v2i

1
ζwi

+ 1
w2
i

>
σi

vi
+ 1

v2i
− wi

ζv2i
= 1

v2i
> 0, ∀i ∈ �d�.

Hence, we can obtain D � 0 and then D + ρ I � 0 for ρ > 0.

5 An IPM for Nonsymmetric Conic Optimization

We are now in a position to summarize the implementation of our IPM algorithm.

5.1 Initialization of s0, z0

The initialization of symmetric cones and three-dimensional nonsymmetric cones, i.e.
power and exponential cones, follows the Mosek setting as discussed in [10], where
x0 = 0, κ0 = τ 0 = 1 and s0, z0 are set to

s0 = z0 = −g∗(z0), (28)

which are on the central path with μ0 = 1. This strategy holds for Cgpow(α,d1,d2), and
we initialize s0, z0 by

s0 = z0 =
((√

1 + αi

)

i∈�d1�
, 0d2

)
.

For Cpowm(α,d) and Crel(d), we can not easily find s0, z0 satisfying (28), so we initialize
s0, z0 as in Hypatia [6], where s0, z0 satisfy s0 = −g∗(z0) and then μ0 = (〈s0, z0〉 +
τ 0κ0)/(ν + 1) = 1.

5.2 Proximity Measurement

A common approach in interior point methods is to keep iterates (xk, sk, zk, τ k, κk)

in the neighborhood of the central path (9), since the solution of (9) is exactly an
optimal solution of the KKT system (8) when μ tends to 0 from the positive side. The
neighborhood is defined as

N (β1) := ∥∥s + μg∗(z)
∥∥∗
z =

〈
s + μg∗(z), (H∗)−1(z)

(
s + μg∗(z)

)〉1/2 ≤ β1μ

(29)
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in Hypatia [6] where β1 ∈ [0, 1], and β1 = 0 implies the iterate is on the central
path. In Mosek’s paper [10] with higher-order correction, the neighborhood is based
on shadow iterates [31] with

s̃ = −g∗(z), z̃ = −g(s), μ̃ = 〈s̃, z̃〉/ν,

for (s, z) ∈ K × K∗, where μμ̃ ≥ 1 with equality only on the central path [22], and
the neighborhood is defined as

N (β2) := {
(s, z) ∈ K × K∗ | β2μμ̃ ≤ 1

}
, (30)

while β2 ∈ (0, 1] and β2 = 1 implies the iterate is on the central path. We use the
neighborhood N (β2) defined in (30) for generalized power cones and power mean
cones, and use (29) for relative entropy cones [6] since the conjugate gradient of
relative entropy cones can not be obtained efficiently.

5.3 Higher-Order Correction

The higher-order correction is an effective technique accelerating the convergence
of IPMs in practice, and we use the third-order correction initially proposed in [10],
which becomes

η(	sa,	za) := −1

2
∇3 f ∗(z)

[
	za,

(
∇2 f ∗(z)

)−1
	sa

]
, (31)

in our implementation, where	sa,	za are affine directions detailed later in Sect. 5.4.
Although a third-order correction was proposed for use in a symmetric scaling
method [10] and the convergence proof does not hold for an IPM with nonsymmetric
scaling, we find it still reduces computational time of the IPM with nonsymmetric
scaling in numerical experiments. The computation of third-order derivatives and the
inverse Hessians are detailed in Appendix A.

5.4 Algorithmic Sketch

Suppose we define the linear residual as

R(x, y, z, s, τ, κ) :=

⎡

⎢⎢
⎣

0 G
 A
 c
−G 0 0 h
−A 0 0 b
−c
 −h
 −b
 0

⎤

⎥⎥
⎦

⎡

⎢⎢
⎣

x
y
z
τ

⎤

⎥⎥
⎦−

⎡

⎢⎢
⎣

0
0
s
κ

⎤

⎥⎥
⎦ .

Our IPM proceeds as follows at each iteration k:

1. Update residuals, gap and check termination or infeasibility: We compute the

residualR(xk, yk, zk, sk, τ k, κk) andμk = sk


zk+κkτ k

ν+1 . The computation of duality
gap, the termination check and the infeasibility detection follow ECOS [12].

123



   33 Page 18 of 28 Journal of Optimization Theory and Applications           (2025) 204:33 

2. Affine step: The affine direction (predictor) is the solution of

R(	xa,	ya,	za,	sa,	τa,	κa) = −R(xk, yk, zk, sk, τ k, κk),

μk H∗(zk)	za + 	sa = −sk, τ k	κa + κk	τa = −τ kκk,
(32)

which tries to remove residuals of the linearized model at iteration k. We can com-
pute themaximal step sizeαa such that (sk+αa	sa, zk+αa	za, τ k+αa	τa, κ

k+
αa	κa) resides in F .

3. Update the sparse decomposition of H∗(z): We update the augmented sparse
decomposition of theHessian H∗(z) for nonsymmetric cones as discussed in Sect. 3
and Sect. 4.

4. Combined step: The weight of centrality σ is set to (1− αa)
3 empirically and then

used for the computation of the centering direction (corrector) via

R(	xc,	yc,	zc,	sc,	τc,	κc) = −(1 − σ)R(xk, yk, zk, sk, τ k, κk),

μk H∗(zk)	zc + 	sc = −sk − σμkg∗(zk) − η(	sa,	za),

τ k	κc + κk	τc = −τ kκk + σμk − 	τa	κa,

(33)

where 	τa	κa and the function η(	sa,	za) are higher-order corrections given
information from the affine directions. We use the Mehrotra’s correction [18] for
symmetric cones and the third-order correction (31) for nonsymmetric cones. Like-
wise, we compute the largest step size αc ensuring (sk +αc	sc, zk +αc	zc, τ k +
αc	τc, κ

k + αc	κc) stays inside F and a neighborhoodN (β) of the central path.
5. Update iterates: At the end of each iteration k, we obtain the new iterate

(xk+1, yk+1, sk+1, zk+1, κk+1, τ k+1) by

(xk+1, yk+1, sk+1, zk+1, κk+1, τ k+1) := (xk, yk, sk, zk, κk, τ k)

+ αc(	xc,	yc,	sc,	zc,	κc,	τc).

6 Experiments

In our experiments, we first choose two examples to show the effectiveness of our
sparse implementation for generalized power cones and power mean cones; the max-
imum likelihood estimation of a convex distribution [30] and the maximum volume
hypercube problems [7].We test these examples with 4 different solver configurations:

1. GenPow is the proposed sparse implementation of generalized power cones;
2. PowMean is the proposed sparse implementation of power mean cones;
3. Clarabel-Pow uses Clarabel but transforms the generalized power cone to a

product of three-dimensional power cones as formulated in [5, 19];
4. Hypatia uses the Hypatia solver, which supports the generalized power cone and

the power mean cone constraints directly;
5. Mosek denotes the use of Mosek with transforming the generalized power cone

to a product of three-dimensional power cones.
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In order to compare performance of our method against solvers that do not directly
support generalized power cone constraints, we apply a standard transformation to
reformulate the constraint for those solvers into a collection of three-dimensional
power cone constraints. Following [19], we can rewrite a generalized power cone
(x, t) ∈ Cgpow(α,n,1) constraint as a collection of constraints over three-dimensional
power cones

x1−p2
1 x p2

2 ≥ |z3| ,
z1−p3
3 x p3

3 ≥ |z4| ,
· · ·
z1−pn−1
n−1 x pn−1

n−1 ≥ |zn| ,
z1−pn
n x pn

n ≥ |t |,

(34)

where pi = αi/(
∑i

j=1 α j ). This is the form used by Clarabel-Pow and Mosek.
For relative entropy cones, we compare our sparse implementation called Entropy
to the counterpart supported in the Hypatia solver on the signomial optimization prob-
lem [20] and the Wasserstein barycenter problem [9]. The convergence tolerance is
set to ε = 10−7 for all tests.2

6.1 Maximum Likelihood Estimator of a Density Function

Given an ordered sample y1 < y2 < . . . < yn of n outcomes of an unknown dis-
tribution with a density function g : R+ → R+, we can form an estimate of g
using a piecewise linear function estimator ĝ : [y1, yn] → R+ with break points at
(yi , xi ) , i = 1, . . . , n, where the variables xi > 0 are estimators for g (yi ) [30]. The
slope of the i-th linear segment of ĝ is

xi+1 − xi
yi+1 − yi

.

We can enforce the gradient change to be monotone, such as the non-decreasing slope
constraints

xi+1 − xi
yi+1 − yi

≤ xi+2 − xi+1

yi+2 − yi+1
, i = 1, . . . , n − 2.

The discrete density function ĝ must sum to 1, i.e.

n−1∑

i=1

(yi+1 − yi )

(
xi+1 + xi

2

)
= 1.

2 https://github.com/yuwenchen95/Clarabel-genpowcone.jl.git
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Table 1 Likelihood estimation with the generalized power cone

GenPow Hypatia (GenPow) Clarabel-Pow Mosek

n Time Iter Time Iter Time Iter Time Iter

465 0.042 41 1.037 57 0.103 45 0.078 24

910 0.088 49 8.175 137 0.217 52 0.297 44

1370 0.223 87 19.144 138 0.390 61 0.625 63

Table 2 Likelihood estimation
with the power mean cone

PowMean Hypatia (PowMean)

n Time Iter Time Iter

465 0.083 55 0.905 45

910 0.169 51 5.304 84

1370 0.335 86 15.274 111

The maximum likelihood estimation can then be formulated as a conic optimization
problem

s.t.

max
x,t

t

xi+1 − xi
yi+1 − yi

− xi+2 − xi+1

yi+2 − yi+1
≤ 0, i = 1, . . . , n − 2,

n−1∑

i=1

(yi+1 − yi )

(
xi+1 + xi

2

)
= 1,

(x, t) ∈ K, x ≥ 0,

(35)

where K can be either a generalized power cone or a power mean cone. We test
implementation of GenPow, PowMean and compare them with the counterparts
implemented in Hypatia,Clarabel-Pow and Mosek, which are tested by replac-
ing the constraint (x, t) ∈ K with the equivalent reformulation shown in (34).

Computational results including the total computational time and the number of
iterations for different dimensions n are shown in Tables 1 and 2.

Table 1 shows that our sparse LDL implementation for generalized power cones
performs better than othermethods on problems up tomoderate size.Although the total
iteration number of GenPow is larger than the implementation of Clarabel-Pow
or Mosek, it takes less time overall for convergence due to improved linear solve
efficiency enabled by the augmented sparse decomposition we proposed in Sect. 4.2.1.

Table 2 summarizes results for the same problem, but choosing K to be a power
mean cone in (35). Since Mosek doesn’t support power mean cones directly, we
compare our sparse implementation only with Hypatia. We vary the dimension n as
for the test of generalized power cones. Table 2 shows that our sparse implementation
for power mean cones is significantly faster than Hypatia which is based on solving
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Table 3 Volume maximization problem with the generalized power cone

GenPow Hypatia (GenPow) Clarabel-Pow Mosek

n Time(s) Iter Time(s) Iter Time(s) Iter Time(s) Iter

100 0.014 20 0.075 13 0.017 20 0.016 10

500 0.079 49 0.722 18 0.062 24 0.046 12

2500 0.648 80 31.243 21 0.431 26 0.297 14

Table 4 Volume maximization
problem with the power mean
cone

PowMean Hypatia (PowMean)

n Time(s) Iter Time(s) Iter

100 0.019 25 0.091 17

500 0.087 49 1.228 16

2500 1.865 63 33.297 21

the reduced normal system where the sparsity is usually lost, both in total time and the
averaged time per iteration. Although the results of our power mean cones are slower
than our sparse implementation of generalized power cones, it still performs better
than other solvers on the discrete maximum likelihood problem.

6.2 MaximumVolume of a Hypercube

The problem of finding the maximum volume of a hypercube [2] that fits inside the
intersection of 1-norm and ∞-norm balls is given as follows,

max t

s.t. (x, t) ∈ K, α =
[
1

n
, . . . ,

1

n

]
,

Ax ∈ B1(γ1), Ax ∈ B∞(γ2),

(36)

where K is either a generalized power cone or a power mean cone, B1(γ1) := {x |
‖x‖1 ≤ γ1}, B∞(γ2) := {x | ‖x‖∞ ≤ γ2} and γ1, γ2 are given constants. Both norm
constraints are easily converted into a collection of linear inequalities. The matrix
A is set to the identity matrix and the solver settings are kept the same as in the
previous example, along with the same transformation of the generalized power cone
to a product of three-dimensional power cones as in (34).

We vary the dimension n from 100 to 2500 and summarize the computational
results in Tables 3 and 4. Although GenPow and PowMean take more time than
Clarabel-Pow and Mosek in total time, the averaged time per iteration in our
sparse implementation is smaller. This demonstrates the efficacy of our sparse aug-
mentation approach compared to Hypatia that doesn’t exploit sparsity in the matrix
factorization. Since both our IPM and Hypatia need to solve the same linear system
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Table 5 Test results for the
signomial minimization problem

m Entropy Hypatia (Entropy)

Time(s) Iter Time(s) Iter

10 0.07 62 0.89 60

20 0.19 85 3.06 45

30 0.46 114 12.30 36

40 0.71 100 61.68 57

50 1.22 105 152.56 50

Table 6 Test results for the
Wasserstein barycenter problem

(m,n) Entropy Hypatia (Entropy)

Time(s) Iter Time(s) Iter

(10,5) 0.07 17 8.96 25

(12,6) 0.63 23 44.51 35

(14,7) 0.89 27 226.74 43

(16,8) 1.07 34 1186.69 51

(18,9) 1.81 36 - -

at each iteration and the sparse implementation of the Hessian matrix is isolated from
the remaining parts of an IPM, it could be exploited in Hypatia for acceleration.

6.3 Signomial Minimization Problem

We take the signomialminimization problem fromHypatia’s benchmark test set,which
originated from [20] and formulates the convex SAGE relaxation problemwith relative
entropy cones as:

max
γ∈R,μ∈Rq

+
γ

s.t. c − γ 1m −
∑

p∈�q�

μpgp = t,

t =
∑

k∈�m�

X :,k,

(A�m�\{k}, j − Ak, j1m−1)
Y:,k = 0,∀k ∈ �m�,∀ j ∈ �n�,
⎡

⎣Xk,k +
∑

j∈�m−1�

Y j,k; X�m�\{k},k; Y:,k

⎤

⎦ ∈ Crel(m−1),∀k ∈ �m�,

(37)

where t ∈ R
m, X ∈ R

m×m,Y ∈ R
(m−1)×m with parameters c, gp ∈ R

m, p ∈ �q� and
A ∈ R

m×n . �m�\{k} denotes the set difference between �m� and {k}.

123



Journal of Optimization Theory and Applications           (2025) 204:33 Page 23 of 28    33 

We vary m from 10 to 50, which is the number of relative entropy cones. Table 5
shows that our IPM implementation can reduce the computational time by one to two
orders of magnitude relative to the Hypatia solver.

6.4 Wasserstein Barycenter with Entropy Regularizations

Finally, we compare our implementation of relative entropy cones with Hypatia on
the Wasserstein barycenter problem with entropy regularization, which is equivalent
to a discrete optimal transport problem with the entropy regularization [9]:

min
p

〈M, p〉 + 1

λ

n∑

i=1

m∑

j=1

pi j log
(
pi j
)

st.
m∑

j=1

pi j = μi ∀i ∈ �n�,

n∑

i=1

pi j = ν j ∀ j ∈ �m�,

pi j ≥ 0 ∀i ∈ �n�,∀ j ∈ �m�,

(38)

where p ∈ R
n×m is the transport and M ∈ R

n×m is a coefficient matrix. We vary the
dimension of m, n and limit computation times to one hour in all tests. Table 6 shows
that the time for Hypatia’s implementation of relative entropy cones increases rapidly
for problem (38), while our method finishes the computation within seconds. This
suggests that the proposed sparsity exploitation for relative entropy cones can also be
utilized within the Hypatia solver similar to generalized power cones and power mean
cones.

7 Conclusion

We have presented an efficient sparse decomposition of generalized power cones,
power mean cones and relative entropy cones within interior-point methods. We have
detailed how to exploit the low-rank property inside Hessian matrices of these barrier
functions and proposed the augmented decomposition that ensures the quasidefi-
niteness of the augmented linear system and makes it factorizable under the LDL
factorization with static pivoting. The experimental results demonstrate that our sparse
decomposition for these cones performs much better than the Hypatia solver and open
theway to exploit the sparsity of nonsymmetric coneswhen they are supported directly
within a solver.

Although the factorization time can be reduced dramatically, we observe that the
number of iterations for convergence of high-dimensional nonsymmetric cones is
higher compared to the equivalent problem solved by Mosek due to the smaller step
size in each iteration, which is also found in tests of Hypatia. Future work would be
designing more efficient and provable higher-order corrections, improving the numer-
ical stability of IPMs and exploiting the low-rank property in the primal-dual scaling
IPM for high-dimensional nonsymmetric cones.

123



   33 Page 24 of 28 Journal of Optimization Theory and Applications           (2025) 204:33 

Appendix A: Third-Order Derivatives and the Inverse of Hessian

We summarize the computation of third-order derivatives and the inverse Hessians for
different cones following the derivation from Hypatia cones reference [6]:

A.1 Generalized Power Cone

Note that ϕ = ∏
i∈�d1� u

2αi
i , τi = 2αi

ui
,∀i ∈ �d1�, and ζ = ∏

i∈�d1� u
2αi
i − ‖w‖2. The

third-order derivative is

∇3
ui ,u j ,uk fgpow = τiτ jτk

ϕ

ζ

(
1 − ϕ

ζ

)(
2ϕ

ζ
− 1

)
+

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

2
τi τ j
ui

ϕ
ζ

(
1 − ϕ

ζ

)
, i = j = k

τi τ j
ui

ϕ
ζ

(
1 − ϕ

ζ

)
, i = k �= j

τi τ j
u j

ϕ
ζ

(
1 − ϕ

ζ

)
, i �= j = k

0, otherwise

+

⎧
⎪⎪⎨

⎪⎪⎩

τ 2i ϕ

ui ζ

(
1 − ϕ

ζ

)
− (1 − αi )

2
u3i

− 2ϕτi
ζu2i

, i = j = k

τi τkϕ
ui ζ

(
1 − ϕ

ζ

)
, i = j �= k

0, otherwise

,

∇3
ui ,u j ,wk

fgpow = 2τiτ jϕwk

ζ 2

(
2ϕ

ζ
− 1

)
+ δ(i, j)

2τiϕwk

ζ 2ui
,

∇3
ui ,w j ,wk

fgpow = −8w jwkτiϕ

ζ 3 − δ( j, k)
2

ζ 2 τiϕ,

∇3
wi ,w j ,wk

fgpow = 16wiw jwk

ζ 3 + δ(i, j)
4wk

ζ 2 +

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

8wi
ζ 2

, i = j = k
4w j

ζ 2
, i = k �= j

4wi
ζ 2

, i �= j = k

0, otherwise

.

The inverse of Hessian is

∇−2
ui ,u j

fgpow = −δ(i, j)
ui

∇ui fgpow
− 4‖w‖2

k2ζ

αi

∇ui fgpow

α j

∇u j fgpow
,

∇−2
ui ,w j

fgpow = 2

k2

αi

∇ui fgpow
w j ,

∇−2
wi ,w j

fgpow = δ(i, j)
ζ

2
+ (ζ−1ϕ + 4k1)

k2
wiw j ,

where

k1 =
〈

α

∇u f
,
α

u

〉
, k2 = −

(
1 + ‖w‖2

ϕ

)
− 4k1‖w‖2

ζ
.
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A.2 Power Mean Cone

Note that ϕ = ∏
i∈�d� u

αi
i , ζ = ϕ − w and τ ∈ R

d with τi = αi
ui ζ

,∀i ∈ �d�. The
third-order derivative is

∇3
ui ,u j ,uk fpowm = −wϕτiτ jτk(2w + ζ ) +

⎧
⎪⎪⎨

⎪⎪⎩

−wϕτi τk
ui

− 2ϕτi
u2i

− 2
u3i

, i = j = k

−wϕτi τk
ui

, i = j �= k

0, otherwise

+

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

− 2wϕτi τ j
ui

, i = j = k

−wϕτi τ j
ui

, i = k �= j

−wϕτi τ j
u j

, i �= j = k

0, otherwise

,

∇3
ui ,u j ,w

fpowm = ϕτiτ j

(
2ϕ

ζ
− 1

)
+ δ(i, j)

τiϕ

uiζ
,

∇3
ui ,w,w fpowm = −2ϕτi

ζ 2 ,

∇3
w,w,w fpowm = 2

ζ 3 ,

The inverse of Hessian is

∇−2
ui ,u j

fpowm = δ(i, j)
u2i
s0,i

+ ϕ

ζ s2

αi ui
s0,i

α j u j

s0, j
,

∇−2
ui ,w fpowm = ϕ

s2

αi ui
s0,i

,

∇−2
w,w fpowm = ζ 2 + s1

s2
ϕ2,

where

s0,i = 1 + αiϕζ−1,∀i ∈ �d�,

s1 =
∑

i∈�d�

α2
i

s0,i
,

s2 = 1 − ϕζ−1s1.
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A.3 Relative Entropy Cone

For a relative entropy cone, we define αi = 1
ζ+2wi

,∀i ∈ �d�, βi = log
(

wi
vi

)
,∀i ∈

�d�, and γi = ∑
j∈�d�\{i} w jβ j ,∀i ∈ �d�. Then:

∇3
u,u,u f = − 2

ζ 3

∇3
u,u,vi

f = −2σi
ζ 2

∇3
u,u,wi

f = −2τi
ζ 2

∇3
u,vi ,v j

f = −2σiσ j

ζ
− δ(i, j)

σi

viζ
,

∇3
u,vi ,w j

f = −2σiτ j
ζ

+ δ(i, j)
1

viζ 2 ,

∇3
u,wi ,w j

f = −2τiτ j
ζ

− δ(i, j)
1

wiζ 2 ,

∇3
vi ,v j ,vk

f = −2σiσ jσk +

⎧
⎪⎪⎨

⎪⎪⎩

− 3σ 2
i

vi
− 2 σi

v2i
− 2

v3i
i = j = k,

−σiσk
v1

i = j �= k,

0 otherwise ,

∇3
vi ,v j ,wk

f = −2σiσ jτk +

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

1
v2i ζ

− τiσi
vi

+ 2σi
vi ζ

i = j = k,

− τiσi
vi

i = j �= k,
σi
v j ζ

i �= j = k,

0 otherwise ,

∇3
vi ,w j ,wk

f = −2σiτ jτk +

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

2 τk
vi ζ

− 1
vi ζ

2 i = j = k,
τk
vi ζ

i = j �= k,

− σi
w j ζ

i �= j = k,

0 otherwise ,

∇3
wi ,w j ,wk

f = −2τiτ jτk +

⎧
⎪⎪⎨

⎪⎪⎩

− 3τk
wi ζ

− 1
w2
i ζ

− 2
w3
i

i = j = k,

− τk
wi ζ

i = j �= k,

0 otherwise .
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The inverse Hessian is

∇−2
u,u f = ζ 2 −

∑

i∈�d�

αiwi (wiβi − ζ + τiζ (ζ + ζβi + wiβi )) ,

∇−2
u,vi

f = −viwiαi (u − γi − 2wiβi ) ,

∇−2
u wi f = −w2

i αi (βiζ + γi ) ,

∇−2
vi ,v j

f = δ(i, j)v2i αi (ζ + wi ) ,

∇−2
vi ,w j

f = δ(i, j)viw
2
i αi ,

∇−2
wi ,w j

f = δ(i, j)w2
i αi (ζ + wi ) .
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