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Abstract

Second-order cone programs (SOCPs) with quadratic objective functions are common in optimal
control and other fields. Most SOCP solvers which use interior-point methods are designed for
linear objectives and convert quadratic objectives into linear ones via slack variables and extra
constraints, despite the computational advantages of handling quadratic objectives directly. In
applications like model-predictive control and online trajectory optimization, these SOCPs have
known sparsity structures and require rapid solutions. When solving these problems, most solvers
use sparse linear algebra routines, which introduce computational overhead and hinder performance.
In contrast, custom linear algebra routines can exploit the known sparsity structure of problem
data and be significantly faster. This work makes two key contributions: (1) the development of
QOCO, an open-source C-based solver for quadratic objective SOCPs, and (2) the introduction of
QOCOGEN, an open-source custom solver generator for quadratic objective SOCPs, which generates
a solver written in C that leverages custom linear algebra. Both implement a primal-dual interior-
point method with Mehrotra’s predictor-corrector. On the benchmark problems we run, QOCO is
more robust than many commonly used solvers and is faster on small- to medium-sized problems.
Additionally, solvers generated by QOCOGEN are significantly faster than QOCO and are free of
dynamic memory allocation making them amenable for use on embedded systems.

1 Introduction

We consider the quadratic objective second-order cone program (SOCP)

s 1
minimize ixTPa? +ec'z
x

subject to Gz <k h (1)
Ax = b,

with optimization variable 2 € R™. The cost is defined by the positive semidefinite matrix P = PT > 0
and vector ¢ € R™. The constraints are defined by matrices A € RP*™ and G € R™*™ and vectors
b € RP and h € R™. The generalized inequality <x denotes membership in a closed, proper cone I,
i.e. h— Gx € K. We restrict K to be the Cartesian product

]C::C1XC2><'-‘><CK,

where C; is either the non-negative orthant or a second-order cone, which are self-dual. Each cone
C; corresponds to a subset of constraints, inducing a partition on G and h, i.e., h; — G;x € C; for
i = 1,..., K. Throughout this work, we assume that Problem 1 is feasible and has a bounded
optimal objective.
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Problem 1 appears in various applications, including model predictive control (MPC) [!], network
flow optimization [2], portfolio optimization [3, 1], robust optimization [5, (], and filter design [7],
among others. Additionally, the solution of SOCPs is used as a subroutine in algorithms for nonconvex
optimization such as sequential convex programming (SCP) [8, 9, 10, 11].

Problem 1 can be reformulated as a SOCP with a linear objective by introducing a slack variable ¢,

minimize ¢+ clx

x,t
bi t—51| -, .1
subject to pl/2, _t—|—§
Gx < h
Az =b.

If P is large (has many rows and columns), then computing P'/2 can be prohibitively expensive, making
this reformulation impractical. Solving this reformulation can also be slow if the matrix square root
P'/2 has significantly more nonzero elements than P. Thus, it is advantageous for a SOCP solver to
natively handle quadratic objective functions without resorting to the linear objective reformulation.

Some SOCP solvers that can solve Problem 1 directly include CLARABEL [l12], GUROBI [13], COSMO
[11], and scs [15]. However, COSMO and SCS implement operator-splitting methods. These methods
are preferred for large-scale problems due to their low per-iteration cost but can struggle with prob-
lem scaling, conditioning, and achieving high-accuracy solutions [16]. For modestly sized SOCPs, an
interior-point method (IPM) is preferred, due to its robustness to scaling and conditioning of the prob-
lem, and ability to converge to high accuracy solutions [17, Chapter 1]. One of the few open-source
IPMs that can directly solve Problem 1 is CLARABEL. In addition to solving SOCPs, CLARABEL can
also handle semidefinite programs, as well as problems involving exponential cones, power cones, and
generalized power cones. Additionally, it supports infeasibility detection by solving a homogeneous
embedding of Problem 1. However, CLARABEL is written in Rust. Although Rust is memory-safe due
to its ownership system and can be used in embedded systems, its ecosystem is far less mature than
that of C, and for legacy systems, such as aerospace software, C is still preferred.

Many engineering applications including linear MPC, nonlinear MPC [18], portfolio backtesting, se-
quential quadratic programming (SQP) [19, 20], and SCP, require solving SOCPs with a fixed, known
sparsity structures in P, A,G and a constant cone K. These problems often arise in real-time set-
tings, where computational efficiency is critical. For example, sequential convex programming (SCP)
iteratively solves a sequence of SOCPs with quadratic objectives and identical sparsity patterns to
find stationary points of nonconvex problems. SCP has been widely applied in aerospace trajectory
optimization, where real-time performance is essential. Notable applications include powered-descent
guidance [21, 22, 23], in-space rendezvous [24, 25], and hypersonic entry guidance [26, 27]. SCP is also
the solution method used by NASA’s SPLICE program for lunar landing guidance [28, 29, 30, 31].

Most general-purpose SOCP solvers, such as CLARABEL [12], cosMO [l1], ECOS [32], GUROBI [l3],
MOSEK [33], and SCS rely on sparse linear algebra routines. Although sparse linear algebra allows
the aforementioned solvers to solve SOCPs regardless of their sparsity structures, it can be quite slow
due to the extra overhead of determining where the nonzero elements are before performing floating
point operations, which leads to more CPU instructions being issued, more memory accesses, and more
cache misses. However, when the sparsity structure of the problem matrices is known beforehand, it
is possible to generate a custom solver that implements customized linear algebra routines tailored to
the sparsity structure of the problem. Specifically, in sparse linear algebra matrices are stored as three
arrays: a row/column index array, column/row pointer array, and data array. Before performing a
floating point operation on a nonzero element in the matrix, sparse linear algebra routines must first
index into the pointer and index arrays to determine the location of the element in the data array. In
customized linear algebra, the index and pointer arrays do not exist, and we directly index into the
data array, eliminating the overhead of sparse linear algebra, resulting in significantly faster operations.



We discuss this further in Section 4.1.

A custom solver gemerator is a tool that takes the sparsity structure of an optimization problem as
an input and outputs a solver (typically in C) optimized for that specific sparsity structure without
relying on sparse linear algebra. Two notable custom solver generators are CVXGEN [31] and BSOCP
[35, 36]. CVXGEN, which is academically licensed but not open-source, solves quadratic programs
(QPs) rather than SOCPs (i.e. K in Problem 1 is the non-negative orthant) and BSOCP, which is
neither academically licensed nor open source, solves linear objective SOCPs (i.e. P =0 in Problem 1).
Both have demonstrated substantial speed improvements over general-purpose solvers and have had a
significant impact on aerospace trajectory optimization. For instance, after the development of lossless
convexification [37, 38], BSOCP was flight-tested on Masten’s Xombie vehicle to validate G-FOLD, a
powered-descent guidance algorithm based on lossless convexification [39]. Later, CVXGEN was used by
SpaceX for landing their Falcon 9 boosters [10].

A seemingly related but distinct tool is CVXPYGEN [41]. It leverages CVXPY to parse the optimization
problem to the standard form for solvers and generates C code for updating problem data and retrieving
solutions. CVXPYGEN then wraps a backend solver without (or with very little) modification to its source
code. Because it customizes only the parsing and solution retrieval while relying entirely on an existing
solver, we do not classify CVXPYGEN as a custom solver generator.

1.1 Contribution

This work makes two key contributions: (1) QOCO, an open-source C-based solver for quadratic objective
SOCPs, and (2) QOCOGEN, an open-source custom solver generator for quadratic objective SOCPs
which generates a custom solver written in C !. Q0CO and solvers generated by QOCOGEN implement
the same algorithm as CLARABEL, a primal-dual interior point method with Mehrotra’s predictor-
corrector, but directly solve Problem 1 rather than a homogeneous embedding.

We demonstrate that QOCO is more robust than most commercial and open-source solvers, and is faster
on small- to medium-sized problems. We also show that QOCO.uom (the name of a solver generated by
QOCOGEN) is significantly faster than QOco. Both solvers are easy to use since QOCO and QOCOGEN can
be called from cvxpy [12, 13] and CVXPYGEN [/11] respectively, allowing users to formulate optimization
problems in a natural way following from math rather than manually converting the problem to the
solver-required standard form. Additionally, QOCO can be called from C/C++, Matlab, and Python,
and QOCOGEN can be called from Python. Both implement a primal-dual interior point method with
Mehrotra’s predictor-corrector [14]. However, they both use a variety of numerical enhancements to
quickly and robustly solve the linear system that arises in the step direction computation. Specifically,
we use an LDLT factorization along with the Approximate Minimum Degree (AMD) [45, 46] heuristic
to permute the coefficient matrix, minimizing fill-in for the factor L. We also apply static and dynamic
regularization to the coefficient matrix to ensure that the matrix is invertible and the factorization
succeeds. After solving the linear system, we apply iterative refinement to ensure that the original,
unregularized system was solved to high accuracy, further enhancing numerical stability and robustness.

1.2 Outline

Section 2 introduces the primal-dual interior point method implemented in QOCO and QOCOGEN. Sec-
tion 3 explains the techniques used to ensure a stable factorization of the KKT matrix, which is essential
to compute the step direction. Section 4 discusses the advantages of custom linear algebra over sparse
linear algebra, and how QOCOGEN generates custom solvers which exploit the known sparsity struc-
ture of problem data. Finally, Section 5 presents extensive numerical results comparing QOCO and
QOCO ystom tO €xisting solvers.

'Both are available on GitHub at


https://github.com/qoco-org

1.3 Notation

We use (a,b) to denote the concatenation of vectors a € R* and b € R?, resulting in a vector in R+,
The non-negative orthant in R! is denoted by ]Rﬂr = {u € R' | u; > 0}, and for any u € R., | we use u; to
refer to its i'" element. The g-dimensional second-order cone is defined as Q4 = {(ug,u;) € R x RI™! |
|lui]l2 < uo}, where any u € Q4 is written as u = (up,u1) with up € R and u; € R9"!. Finally, when
a vector z lies in the Cartesian product of cones, i.e., z € C; X Cy X --- X Cg, we denote x; as its ith

subvector belonging to cone C;.

2 Primal-dual interior point method

In this section, we describe the primal-dual interior point algorithm we implement in QOCO and QOCO-
GEN, as outlined in Algorithm 1. This algorithm is equivalent to the coneqgp algorithm outlined in [17]
and follows a derivation similar to those presented in [18, Chapter 6], [19, 50].

If strong duality holds for Problem 1, the optimal primal-dual solution (x*,s*,y*,z*) satisfies the
Karush-Kuhn-Tucker (KKT) conditions [51, Chapter 5], which can be written as

Pr4+c+ATy+GT2=0 (2a)
Az =1b (2b)

Gr+s=h (2c)
slzi=0fori=1,...K (2d)

(s,z) e Kx K. (2e)

The primal-dual interior point method applies a modified Newton’s method to Equations (2a) - (2d), and
a line search to satisfy Equation (2¢). The modifications to Newton’s method correct for linearization
errors in the Newton step and bias the search directions towards the interior of K. This prevents
the iterates from prematurely approaching the boundary of the cone K, enabling longer steps without
violating Equation (2e). It also ensures iterates do not converge to spurious solutions that satisfy
Equations (2a) - (2d), but not Equation (2¢) [50].

2.1 Central path derivation

To understand how the algorithm biases the search directions towards the interior of K, we first intro-
duce the concept of the central path.

Problem 1 can be equivalently rewritten as
1
minimize §xTPac + "o+ I (h — Gz)
x
subject to Ax =b,

where Zx, the indicator function of the cone K, is defined as

0, forue K
Tic(u) =<4
(u) {oo, otherwise.

We then replace the indicator function, Zx (u), with a smooth barrier function, ¢x (u), which approaches
oo as its argument approaches the boundary of the cone.

We use the barrier function



K
dxc(u) = di(wi),
=1

where ¢; is the barrier function for C;. The barrier function for the non-negative orthant and the
second-order cone are

¢) ( ) - Z_ljzl IOg Ug, for Cz = Rl—i-
i(u) =

—(1/2)log(ug — uf wy), for C; = Q1,
where log is the natural logarithm.

Their gradients are

Vei(u) (=1/ui,...,—1/w), for C; =Rl
% u) =
—(u" Ju)" Ju, for C; = Q4,

where

1 0
J = .
[0 - ql]

After replacing the indicator function with the barrier function, we obtain

K
P I T T
—x Px+ + E i(h; — G
minimize 23: rT+c' x 7'2:1 ®i(hi i) (4)

subject to Ax = b,

where 7 > 0 is a scalar. Denoting the optimal solution of Problem 4 as z*(7), it can be shown that as
T— 0, 2"(1) = x* [18].

The KKT condition for Problem 4 are

K
P$+C+ATy—TZG;rV¢Z'(hZ‘—GZ‘$):0
=1
Axr =b
h—GzekK.

If we define s = h — Gz and z; = —7V¢;(h; — Gix) for i = 1,... K, we can rewrite the KKT conditions
as

Pr+c+ATy+GTz2=0 (5a)
Az =1 (5b)

Gxr+s=h (5¢)

zi = —1Vi(s;) fori=1,... K (5d)

(s,2) e Kx K, (5¢)

where the condition z € K arises because if u € K, then —V¢(u) € I [17].



It is desirable to write Equation (5d), in a form where s; and z; appear symmetrically. To this end,
we define the Jordan product [52, 19, 17], a commutative and linear operation, for the non-negative
orthant and second-order cone as

!
(uﬂvﬂ, ey uiwil), fOI‘ Cz = R+
Ui OV = T q
(w; Vi, wiovi1 + vious ), for C; = QY,

and the Jordan product for K as

uwov = (U3 0V, U2 0V, ..., UK OVK), (6)

where u;, v; € C;.

The identity element e; for cone C; is defined as

and the identity element for K is

e=(ey,...,ex). (7)

Taking the Jordan product with s; on both sides of Equation (5d) and substituting Equation (3), we
obtain

Pr4+c+ATy+GT2=0 (8a)
Az =D (8b)

Gr+s=h (8c)
s;oz;=Te;fori=1,... K (8d)

(s,2) e Kx K. (8e)

We then rewrite Equation (8d) by stacking s; and z; and using Equations (6) and (7) to obtain

Pr4+c+ATy+GT2=0 (9a)
Az =b (9b)

Gr+s=h (9¢)

soz=rTe (9d)

(s,z) e K x K. (9e)

The central path is defined as the trajectory of points parameterized by 7 > 0, satisfying Equations (9a)
- (9e). We denote the central path with the tuple (x*(7), s*(7),y*(7), 2*(7)). From the above analysis,
we see that the central path equations given by Equations (9a) - (9¢) are equivalent to the optimality
conditions for the barrier formulation of Problem 1 given by Problem 4. It can be shown that as 7 — 0,

(@*(7), 8"(7), y*(7), 27 (7)) = (%, 8", ", 27) [45].

The primal-dual interior-point method applies Newton’s method to move towards the central path
rather than directly towards points satisfying Equation (2d). Since the central path lies within the
cone, maintaining proximity to it allows the algorithm to take longer steps without violating Equation

(2e) [50].



2.2 Nesterov-Todd scaling

If Newton’s method were applied directly to Equations (5a) - (5d), the coefficient matrix of the re-
sulting linear system would lack symmetry (see Appendix A). As a result, it would be necessary to
store the entire matrix, rather than only the upper or lower triangular portion. Additionally, solving
this system would require matrix factorizations for non-symmetric matrices, which are generally more
computationally expensive than those for symmetric matrices.

To derive a symmetric linear system, we introduce the following change of variables

S=WTs, =Wz,

where we choose W such that the above transformation preserves cone membership and leaves the
central path equations unchanged

seK < 5€ekK, 2zeK < ze€K, soz=Te < 50Z=Te. (10)

Using this transformation, the central path equations can be equivalently expressed as

Pr+c+ATy+GT2=0 (11a)
Az =b (11b)

Gr+s=h (11c)

(W= Ts)o(Wz) =re (11d)
(s,2) e K x K. (11e)

There are many matrices, W, which satisfy Equation (10). In particular, we use the Nesterov-Todd
scaling matrix [53, 54]. This scaling matrix is determined based on the current iterates sy and z; and
the unique point w that satisfies

V2 (w)sy, = 2, (12)

where V2¢y(w) is the Hessian of the barrier function evaluated at w. Since the barrier function is
strictly convex, V2¢x (w) is positive definite.

From this, we compute W}, as

Vi (w) ™t = W, W (13)

A key property that follows from Equations (12) and (13) is

W,;Tsk = Wyzk. (14)

This property allows us to define

)\k = Wk_TSk = szk~ (15)

For more details on how to compute the scaling point w and the scaling matrix Wi, see [17].



2.3 Computing search directions

Given the current iterate (xg, Sk, Yk, 2x) we define the duality measure as

M = SlgTZk/m7 (16)

which represents the average violation of the complementary slackness condition given by Equation
(2d). To compute a search direction for updating the current iterate, we apply Mehrotra’s predictor-
corrector method [44]. This scheme computes a Newton step with three key objectives: reducing the
duality measure, maintaining proximity to the central path, and correcting for the linearization error
introduced during this step.

Applying Newton’s method to Equation (11) first requires a linearization of the central path equations
around the current iterate (zy, Sk, Yk, 2x). This is done by substituting (z, s, y, z) with (xp + Az, s +
As,yr, + Ay, 2 + Az) and ignoring the higher order term (W~TAs) o (WAz). This results in a linear
system of the form

PAz + ATAy+GTAz = —r, (
AAx = —ry (17b
GAz + As = —r, (
(W];Tsk) o (WkAZ) + (W,;TAS) o (szk) = —7. (

Here, (ry,7y,72,75) are residual vectors that will be defined later.

Using Equation (15), we can rewrite the system as

PAz+ATAy+G Az
AAx

GAx +As = —r,

Ao (WiAz + W];TAS) = —7s.

I
4
8

Il

<

<
~ o~ T~

—

oo

=3
~— — —

To obtain a symmetric system, we can eliminate As and rewrite the equations in matrix form as

P AT GT Az —Ty
A 0 0 Ay| = —7Ty (19a)
G 0 -W/W| [Az -7y + W (\\rs)

As = —r, — GAz, (19b)

where the operator \ represents the inverse of the Jordan product o, meaning that z\(z oy) = y.

To account for the higher order term we ignored when forming Equation (17), we apply Mehrotra’s
predictor-corrector [44]. This method consists of a predictor step, where a search direction is computed
by taking a Newton step on Equation (11) with 7 = 0, followed by a combined step. The combined
step incorporates centering and correction terms that will help keep the next iterate close to the central
path while compensating for the linearization error incurred by ignoring the (W~"As) o (WAz) term
when linearizing Equation (11). Note that the predictor step is used to estimate this linearization error.
Figure 1 illustrates Mehrotra’s predictor-corrector.

To compute the predictor step, also called the affine scaling direction, (Axg, Asq, Ayq, Az,), we solve
Equation (19) with the residual vectors



(wka Sk, Yk, Zk)

Predictor Step

Combined Step

(Tkt1, Skt1, Yk+1, Zk+1)

Central Path
Feasible Set

Figure 1: Mehrotra’s predictor-corrector.

re =Prip+c+ Ay, + Gz (20a)
ry = Axp — b (20b)
r, =GxE+ s —h (20c¢)
s = AL O Ag. (20d)

Since taking a full step along the affine scaling direction can violate the constraint (s,z) € K x K, we
compute the centering parameter o € [0,1] as

a =sup{a € [0,1] | (sk, zx) + @(Asq, Azg) € K X KL}
(sk 4 alsg) (2 + alz,)

- T
Sp. 2k

o = max{0, min{1, p}>}.
The centering parameter balances the need to reduce the duality measure while maintaining proximity
to the central path, allowing for a longer step in the next iteration [50].

Finally, we compute the combined direction, which includes both predictor and corrector information.
This direction, (Ax, As, Ay, Az) is obtained by solving Equation (19) with the residual vectors

re=Prp+c+Aly, + Gz (21a)
ry = Az, — b (21b)
r,=Grp+ s, —h (21c¢)
Ts = Ap O A\p + (W,;TASQ) o (WrAz,) — opre (21d)

This direction moves the next iterate closer to (z*(oug), s*(ouk),y*(oux), 2*(oux)), a point on the
central path where the duality measure is reduced by a factor of 0. Note that the residual vector 7,



has two additional terms when compared to Equation (20d): (W, TAsy) o (WiAz,) and —opuge. The
former is to correct for linearization error in Newton’s method, and the latter is to maintain proximity
to the central path and arises when applying Newton’s method to Equation (9d) with 7 = opy.

We then compute the next iterate by performing a line search to ensure (sg41, 2x+1) € K x K. Specifi-
cally, we update the iterate as

(xk—l-l’ Sk+15 Yk+1, Zk—‘rl) = (:Ckv Sky Yk Zk) + a(Aa; AS, Aya AZ)

where

a = sup {a € [0,1] | (sk,2x) + &(AS,AZ) €K x /C}

The factor of 0.99 ensures that (ski1,2ks1) remains strictly in the interior of I x K.

2.4 Initialization

To initialize the primal-dual interior point method, we follow the approach outlined in [17]. The
initialization procedure consists of two steps. First, we find (z,s,y, z) that satisfy Equations (9a) -
(9¢). If s and z do not satisfy Equation (9¢), a correction is applied to ensure they are in K.

We begin by solving the optimization problem
1
minimize ixTPx +c'x+||Ga — hl|3
x
subject to Ax =b.

Since this is an equality-constrained quadratic program, the KKT conditions correspond to the linear
System

P AT G [z —c
A 0 0 yl=10b|. (22)
G 0 -1 |z h

We then set s = —z. This results in the tuple (z, s, y, z) satisfying Equations (9a) - (9¢), but s and z
may not necessarily satisfy Equation (9¢).

We then initialize x¢ and yg as x¢9 = x, yo = y, and initialize sg as

s, ifsek
Sn =
0 s+ (1+ as)e otherwise,

where oy = inf{a | s + ae € K} and e is defined in Equation (7). We initialize z as

{z, ifzek
zZ0 —

z+4 (1 + «a,)e, otherwise
where a, = inf{a | 2+ ae € K}. Note that a; and «a, are the minimum scalings of e that need to

be added to s and z respectively to move them to the boundary of K, but we scale e by (1 + a;) and
(1 + ) to ensure that sy and zg are strictly in the interior of K.
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Algorithm 1 Primal-dual interior point method

Ensure: Optimal solution (z*, s*, y*, 2*)
1: Initialization:
2:  Solve KKT system (22) for z,y, z

3: To < T, Yo <Y
4: S < —Z2
5. if s € K then
6: S0 < S
7. else
8: as < inf{a | s+ ae € £}
9: sp s+ (1 +as)e
10: end if
11: if z € K then
12: 20 < 2
13: else
14: a, + inf{a | z 4+ ae € K}
15: so—z+(1+ay)e
16: end if
17: repeat
18: Compute duality measure:
19: L s;zk/m
20: Compute Nesterov-Todd scaling:
21: Construct Wy
22: Calculate A\, = Wk_Tsk = Wyzk
23: Compute affine direction (Az,, Asg, Ayg, Azg):
24: Solve KKT system (19) with residuals (20)
25: Calculate centering parameter:
26: a < sup{a € [0,1] | (s, 2) + a(Asq, Azg) € K}
97 p (sk+aAs¢;)TTZ(zk+aAza)
k ~k
28: o + max{0, min{1, p}3}
29: Compute combined direction (Ax, As, Ay, Az):
30: Solve (19) with residuals (21)
31: Compute step-size:
32: o < sup {a € [0,1] | (sk, 2k) + 555 (As, Az) € K}
33: Update iterates:
34: Tyl < T + aAx
35: Spt1 < Sk + als
36: Yk+1 < Yk + @Ay
37: Zpt1 < 2k + oAz

38: until Stopping criteria (28) satisfied.

3 Algorithm implementation

This section describes the implementation of the primal-dual interior point method in QOCO and QOCO-
GEN. We focus on three key aspects: the matrix factorization used to solve the system in (19), numerical
techniques for ensuring a robust factorization and solution of (19), and the stopping criteria. These as-
pects apply to both QOCO and QOCOGEN, but while both use the same underlying matrix factorization,
their implementations are different. These differences will be discussed in Section 4.1.

3.1 Linear system solve

The coefficient matrix in (19), which we will refer to as the Karush-Kuhn-Tucker (KKT) matrix is given
as

11



P AT el
K=|4A 0 0 . (23)
G 0 -W/ /W,

Algorithm 1 requires solving the linear system K¢ = r for two different residual vectors r. Since K
remains constant for both solves, we factorize it once and then apply two backsolves.

The KKT matrix (23) is symmetric but indefinite, meaning it has both positive and negative eigenvalues.
A common approach for factoring such matrices is the Bunch-Parlett factorization [55], which factors
K as

K" = LDL", (24)

where II is a permutation matrix, L is a lower triangular matrix, and D is a block diagonal matrix with
1 x 1 and 2 x 2 blocks. However, IT must be selected during runtime with knowledge of the data in K,
as the factorization may not exist for all permutations. Additionally, K may not be invertible if, for
example, A is not full row rank.

Static regularization To ensure a numerically stable factorization that exists for all permutations
IT (allowing us to select II based solely on the sparsity pattern of K), we apply static reqularization
[56, 12, 34] to the KKT matrix

P|AT GT esI| 0 0
K=|A] 0 0 +1 0 |—eI 0 |. (25)
G| 0o —-Ww 0| 0 —ef

In QOCO and QOCOGEN, we use €, = 1078,

Now K is a quasidefinite matrix, which is a special case of a symmetric indefinite matrix where the
(1,1) block is positive definite and the (2,2) block is negative definite [57].

For such matrices, the LDL T factorization

K" = LDL", (26)

exists for any permutation I, and D will be a diagonal matrix with known signs for its diagonal elements
[57].

A judicious choice of IT can minimize the fill-in for the factor L. Fill-in is the introduction of non-zero
elements in positions of a matrix where they previously did not exist. Excessive fill-in can lead to several
negative consequences, including increased storage requirements (since more non-zero elements must be
stored in memory) and increased computational cost (due to more floating-point operations). Finding
an optimal II to minimize fill-in is NP-complete [58], but heuristic methods such as the Approximate
Minimum Degree (AMD) ordering can effectively compute near-optimal permutations [15]. In QoCO
and QOCOGEN, we use Tim Davis’ implementation of the AMD ordering [10] to determine II.

After computing IT, the LDL" factorization consists of two phases: a symbolic and numeric factor-
ization. The symbolic factorization determines the elimination tree, a data structure which encodes
dependencies between elements in the matrix during the factorization process, and the sparsity pattern
of the factor L. It only requires the sparsity pattern of the regularized KKT matrix K , which remains
unchanged throughout Algorithm 1. Therefore, the symbolic factorization needs to be computed only
once. The numeric factorization calculates the numerical values of L and D, which depend on the
values of the nonzero elements of K. Since these values change at each iteration of Algorithm 1, the
numeric factorization must be computed at every step.
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To compute the LDLT factorization, we use a modified version of QDLDL [56] with dynamic regular-
ization for QOCO, and a custom LDLT routine for QQCOGEN which we will discuss in Section 4.1.

Dynamic regularization Although the LDL" factorization must theoretically exist for K , due to
the nature of floating-point arithmetic it is possible for diagonal elements D;; to be rounded to zero or
be very close to zero leading to divide-by-zero errors and the factorization failing. To alleviate this and
factor K in a stable manner, we apply dynamic regularization as given by Algorithm 2, which bounds
the magnitude of D;; away from zero, by some €; > 0, and corrects for its sign if necessary [12, 34, 32].
In QOCO and QOCOGEN, we use €5 = 1078.

Algorithm 2 Dynamic regularization

1: Given: €4 >0

2: if D;; should be positive then
3 if D;; < 0 then

4 Di; = €q

5: else

6 Di; = Dj; + €q

7 end if

8: else if D;; should be negative then
9 if D;; > 0 then

10: D;; = —¢q

11: else

12: D;;=D;; —¢q

13: end if

14: end if

Iterative refinement After static and dynamic regularization we end up solving the linear system
K & = r rather than system K¢ = r. To get a solution to the latter system, we apply iterative refinement
[59, Section 2.5.1]. This process corrects the solution by iteratively reducing the residual error, ||r—K¢||,
ensuring higher numerical accuracy without requiring an additional factorization. It involves iteratively
solving the system

KAEP =r — K¢F, (27)

and updating ¥t = ¢F + A¢k where €0 solves the first linear system (i.e. Ke0 = r). Note that
since we have already computed the factorization of K, one iteration of Equation (27) only requires
backsolves and no matrix factorization.

3.2 Stopping criterion

Algorithm 1 terminates when three conditions are met: primal feasibility (28a), stationarity (28b),
and complementary slackness (28c¢). We use both absolute and relative tolerances to ensure robustness
across different problem scales. Our stopping criteria is met if the following conditions hold:

Axp —b
e 2 ]| et cormns Qs ol Gl s sl (250
o0
[P+ ATy + G2k + clloe < ans + e max {[|Palloos 4T gelloos 1G 2l lelloe - (28D)
‘ngk‘ < €abs T €rel max{l, |pk’7 ’dk‘} , (28C)

where the primal and dual objectives are
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(P,A,G,c,b,h, K)— QOCO —(z*, s*, y*, z*)

data(P, A,G),c,b,h

Generates
str(P, A,G), K——  QOCOGEN QOCOuustom  — (2%, 8%, 4%, 2%)

Figure 2: Usage of QOCO, QOCOGEN, and QOCO, ystom-

1 1
P = ixgpxk + CT:Uk, dy = _Q‘rszk — bTyk — hTZk.

4 Sparsity exploiting custom solver

This section discusses QOCOGEN, which generates an implementation of Algorithm 1 called QOCO ystom-
Unlike generic solvers which use sparse linear algebra, QOCO_om USes a custom LDLT factorization
and other tailored linear algebra routines, which exploit the known sparsity structure of problem data,
to solve Problem 1 significantly faster.

While QOCO can solve instances of Problem 1 with any sparsity pattern for P, A, and GG and cone I, the
use of custom linear algebra in QOCO, .., restricts it to instances with the same sparsity structure for
P, A, and G and optimizes over the same cone K. This makes QOCO.,0om useful for applications that
repeatedly solve optimization problems with identical sparsity structures, such as sequential convex
programming [3].

Figure 2 illustrates the usage of QOCO, QOCOGEN, and QOCO ysiom- In the figure, the matrices (P, A, G)
contain two pieces of information: their sparsity patterns str(P, A, G) (the location of nonzero elements)
and the values of the nonzero elements data(P, A,G). We see that QOoCo takes in (P, A, &), which
contains both the sparsity patterns and nonzero elements for the matrices, and the rest of the problem
data and returns the optimal solution (z*, s*,y*, 2*). In contrast, QOCOGEN only takes in the sparsity
patterns of (P, A, G) and cone K, and then generates QOCO ystom- This instance of QOCO ysom can then
solve optimization problems where the sparsity patterns of (P, A, G) do not change, but the nonzero
values for (P, A, G) and the vector data (¢, b, h) can change.

Although Q0CO avoids dynamic memory allocation during the solution process, it still relies on setup
and cleanup functions for dynamic memory allocation and deallocation before and after solving the
problem. In contrast, QOCO.u.m €xclusively uses static memory allocation, making it well-suited for
resource-constrained embedded systems, where dynamic memory allocation can lead to non-deterministic
behavior and memory fragmentation.

4.1 Custom linear algebra

A key difference between QOCO s om and QOCO is that QOCO o uses custom linear algebra routines
rather than sparse linear algebra. The main motivation for custom routines is to speed up the LDLT
factorization of the regularized KKT matrix, which is the most computationally expensive step of
Algorithm 1. Typically, the KKT matrix is factored using a sparse linear algebra routine that stores the
matrix in either compressed sparse column (CSC) or compressed sparse row (CSR) format. However,
these sparse routines involve more than just the floating-point operations required for factorization.
They also incur additional overhead to locate nonzero elements and their positions in the matrix. For
example, in a CSC matrix, accessing data first requires indexing into the column pointer and row index
arrays. This results in more CPU instructions, increased memory accesses, and a higher likelihood of
cache misses. We provide empirical evidence supporting these claims in Appendix B.

14



Adata stores the nonzeros of A in column-major format, i.e.
Adata [0] = a00

Adata[1] = a20

Adata[2] = a02

ef custom_matvec(y, Adata, x):

o H OB H R

y[0] = Adata[0]l*x[0] + Adatal[2]*x[2]
y[1l =0
y[2] = Adatal[1l*x[0]

Listing 1: Custom matrix-vector multiplication.

When the sparsity structure of the KKT matrix is known a priori it is possible to write a custom LDL T
factorization routine which only contains code to perform the necessary floating-point operations and
data accesses, eliminating the additional overhead that typical sparse linear algebra routines have. This
makes the custom LDL' factorization significantly faster than a sparse LDLT factorization. We also
note that since the AMD ordering we employ to compute the permutation matrix II only depends on
the sparsity pattern of the KKT matrix, we can determine II at the time of code generation, so the
generated code does not include the code to compute the AMD ordering.

A concrete example of a custom linear algebra routine for matrix-vector multiplication is given by
Listing 1, where the sparsity pattern of A is fixed and defined in Equation (29). Note that the custom
routine only includes the necessary floating-point operations. Although Listing 1 depicts Python code,
the custom linear algebra routines in QOCO,gom are in C.

Yo apo 0 ap2| |xo
yi| =10 0 0] |m (29)
Yo ago 0 O 2

—_——

A

A drawback of these custom routines is that the amount of code generated increases with problem
size. Consequently, both the time required to generate and compile QOCO yom and the resulting binary
size increase for larger problems. On processors with small caches, such as the Raspberry Pi Compute
Module 4, these large binaries can degrade performance due to increased instruction cache misses. This
effect is discussed further in Section 5.

4.2 Code generation

QOCOGEN is written in Python and example code for generating QOCO 40 fOr a problem family defined
by Equation (30) is given by Listing 2. The generated solver QOCO ystom 18 customized to the sparsity
pattern of the matrices P, A, G which are passed to the function qocogen.generate_solver () as sparse
scipy matrices.

minimize 2% + 23 + 22 + 14
X
subject to x1 +x2 =1
Tot+x3=1 (30)
I Z 0

Va3 4 23 < o

The file tree for QOCO ystom 1S given by Figure 3. The file qoco_custom. c contains the qoco_custom_solve ()

function which implements Algorithm 1, 1d1.c contains the custom LDLT factorization of the regular-
ized KKT matrix, CMakeLists.txt is the CMake configuration file which automates the build process
[60], runtest. c gives an example of calling QOCO, som With default data and times the resulting solve,
and the remaining files contain various helper functions needed to implement Algorithm 1.

Listing 3 provides an example of calling QOCO, som from C, updating the problem data, and solving it
again.
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import qocogen
import numpy as np
from scipy import sparse

# Define problem data
P = sparse.diags([2, 2, 2, 0], 0).tocsc()

¢ = np.array ([0, 0, 0, 1])
G = -sparse.identity(4).tocsc()

h = np.zeros (4)

A = sparse.csc_matrix([[1, 1, 0, 0], [0, 1, 1, 0]11)
b = np.array([1, 11)

1 =1
n = 4
m = 4
p =2
nsoc = 1

q = np.array ([3])

# Generate custom solver.
gocogen.generate_solver(n, m, p, P, ¢, A, b, G, h, 1, nsoc, q)

Listing 2: Generating a custom solver with QOCOGEN.

#include "qoco_custom.h"

int main() {
// Instantiate workspace.
Workspace work;

// Set default settings, but settings can be modified with
// work.settings.setting_name =
set_default_settings (&work) ;

// Loads the default data for the problem
// (i.e. the data passed to the gocogen.generate() call).
load_data (&work) ;

// Solve original problem.
goco_custom_solve (&work) ;
printf ("\nobj: %f", work.sol.obj);

// Can modify non-zero elements of P,A,G and c, b, h.
update_P (&work, Pnew);
update_A (&work, Anew);
update_G (&work, Gnew);
update_c (&work, cnew);
update_b (&work, bnew);
update_h (&work, hnew);

// Solve updated problem.
goco_custom_solve (&work) ;
printf ("\nobj: %f", work.sol.obj);

Listing 3: Calling QOCO.ysom from C/C++.
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goco_custom/
cone.c
cone.h
kkt.c
kkt.h
1dl.c
1dl.h
qoco_custom.c
qoco_custom.h
runtest.c
utils.c
utils.h
workspace.h
CMakeLists.txt

Figure 3: QOCO,om file structure.

5 Numerical results

We benchmark QOCO and QOCO uom against several conic interior-point solvers 2: the open-source
solvers ECOS [32] and CLARABEL [12], the commercial solvers GUROBI [13] and MOSEK [33], and against
the academically licensed custom solver generator CVXGEN which generates a primal-dual interior point
method for quadratic programs. We do not test against the custom solver generator BSOCP since
it is not academically licensed. For all solvers, we use their default settings but set the tolerances
€abs = €rel = 1077,

All numerical results were generated on a desktop computer with an AMD Ryzen 9 7950X3D processor
running at 4.2 GHz and with 128 GB of RAM. Additionally, the model-predictive control problems in
Section 5.2 were also solved on the Raspberry Pi Compute Module 4 (CM4), a resource-constrained,
embedded Linux system with 4GB of RAM. Our benchmarks are written in Python and we use CVXPY
[12, 13] to interface with the solvers.

In our experiments, we define problem size as the total number of nonzero elements in A, GG, and in
the upper half of P. We evaluate our solvers on a set of benchmark problems we developed, a set
of model-predictive control problems from [(1], the Maros—Mészéaros problems [62], and least-squares
problems derived from the SuiteSparse repository [63]. To evaluate the solvers’ performance, we use
performance profiles [64] and the shifted geometric mean, both of which are frequently used to assess
solver performance [12, 32, 56, 14, 65].

When reporting solve times for QOCO, om, We exclude code generation and compilation times and report
them separately. We do this because the primary use cases for QOCOGEN and QOCO,yom prioritize
minimizing solve time, making solve time alone the most relevant performance metric, and the one-
time cost of generating and compiling the solver is less critical. Typical examples include MPC and
real-time trajectory optimization, where code generation and compilation can be done offline before
deploying the solvers online.

When minimizing setup time (code generation and compilation) is important, such as iterating problem
formulations or one-off solves, QQCOGEN and QOCO, uom May be less attractive than general-purpose
solvers like Q0CO. Additionally, as problem sizes become larger, code generation and compile times
become longer and binary sizes become larger due to the explicit coding style used by custom linear
algebra and depicted in Listing 1. Nevertheless, the combined code generation and compilation times
remain reasonable (under ten minutes) for problems with sizes under 10,000.

We also expect QOCO, o performance to degrade once binaries become large compared to the cache

20ur benchmarks are publicly available at
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size of the processor, due to increased instruction cache misses. On desktop computers, which have
larger caches, excessive code generation time and compile times are typically experienced prior to
degraded performance due to instruction cache misses. On systems with comparatively smaller caches,
such as the Raspberry Pi CM4, instruction cache misses start to hinder performance for problem sizes
over approximately 4,000 in our benchmarks, before code generation and compilation time becomes
significant.

We provide detailed numeric results in Appendix D, which includes iteration counts and solve times
for each solver on all problems we ran. Because Gurobi does not report iteration counts via the CVXPY
interface for SOCPs, these values are omitted from our results.

Shifted geometric mean We use the normalized shifted geometric mean to assign a scalar value to
the performance of a solver on a test set of problems. The shifted geometric mean of N runtimes for
solver s is computed as

1/N
N /

9s = H(ts,p+k) —k‘,

p=1

where t5,, is the runtime of solver s on problem p and k = 1 is the shift. If the solver does not find
an optimal solution, then the runtime is set to 10 seconds for benchmark problems, 0.5 seconds for the
MPC problems, 1200 seconds for the Maros—Mészéaros problems, and 600 seconds for the SuiteSparse
least-squares problems. These times were chosen to be roughly an order of magnitude higher than the
slowest successful solve on the respective problem set.

We then define the normalized shifted geometric mean for solver s as

rs = gs/msingm

so the solver with the lowest shifted geometric mean will have a normalized shifted geometric mean of
1.00.

Performance profiles We also plot the relative and absolute performance profiles to compare solvers.
We first define the relative performance ratio of solver s on problem p as

Usp = tsp/ min ts,p-

The relative performance profile then plots f!'(7) where

1 N
s N Z u&p

and Z<.(z) =1 if 2 < 7 and Z<,(z) = 0 otherwise. If the relative performance profile passes through
the point (x,y) for solver s, this means that solver s solves a fraction y of the problems within a factor
of x of the fastest solver.

The absolute performance profile plots f¢(7) where

1 N
F(r) = 5 S Terltay).
p=1
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If the absolute performance profile passes through the point (z,y) for solver s, this means that solver
s solves a fraction y of the problems within = time. For both relative and absolute profiles, the profile
of the highest-performing solver will lie above the profiles of the other solvers.

5.1 Benchmark problems

We solve optimization problems from five problem classes: robust Kalman filtering, group lasso re-
gression [(6], the losslessly convexified powered-descent guidance problem [37], Markowitz portfolio
optimization [3], and the oscillating masses control problem [(7]. The first three of these are SOCPs
and the last two are QPs. For each of the five classes, we consider 10 different problem sizes, generating
20 unique problem instances per size, for a total of 1000 distinct optimization problems. Details on the
problems we solve can be found in Appendix C. For these problems, we plot runtime as a function of
problem size in addition to reporting performance profiles and shifted geometric means. We test QOCO
on all problems, but only test QOCO.yom On the smaller problems, as code generation and compile
times become prohibitively long for the larger instances.

For each solver, we solve each optimization problem 100 times and record the minimum runtime, which
includes both setup and solve time. Since the computer runs various background processes that can
artificially inflate execution time, we conduct 100 runs and report the minimum execution time, thereby
providing a more accurate measure of the solver’s performance.

Although the oscillating masses and portfolio optimization problems are QPs and can be solved with
CVXGEN, we limit testing to the two smaller oscillating masses problems. For larger instances, CVXGEN
was unable to generate code due to the size of the problems. For the portfolio optimization problems,
we do not test CVXGEN due to the sparsity pattern of the factor matrix F' in Problem 33. To specify
the sparsity pattern of F' in CVXGEN, we must manually provide the locations of nonzero elements into
the web interface, which would have been prohibitively expensive, since F' has hundreds of nonzero
elements. In contrast, to generate code with QOCOGEN, we pass in problem data as sparse scipy
matrices rather than manually specifying sparsity patterns. Although we can specify F' as a dense
matrix and only populate the nonzero elements for CVXGEN, this would severely hinder its performance
and result in an unfair comparison.

When computing normalized shifted geometric mean, relative performance profiles, and absolute per-
formance profiles, all solvers must be tested on the same set of problems. Since we test QOCO, s om ON
only half of the problems we provide two versions of the aforementioned metrics. The first version,
given by Figure 5, includes CLARABEL, ECOS, GUROBI, MOSEK, and QOCO evaluated on all problems.
The second version, given by Figure 6, also includes QOCO s 0om, but the solvers are evaluated on the
half of the benchmark problems which QOCO.som 1S tested on.

Figures 4, 5, and 6 show that QOCO_ uom 18 the fastest solver on our benchmark problems by a significant
margin and is as performant as CVXGEN on the 40 smallest oscillating mass problems. This latter result
is unsurprising, as QOCO uom Uses an identical algorithm to CVXGEN when solving QPs and both utilize
custom linear algebra routines. Additionally, QOCO is the fastest open-source generic solver on all of
the problems, although it is slower than Mosek on the group lasso problems and slower than Gurobi
on some of the largest portfolio optimization problems. However, we notice that if we disable presolve
for Mosek and Gurobi, QOCO is faster on these problems as well.

Table 1 reports the code generation time, compilation time, code size, and binary size of the generated
solvers. We see that all problems have sizes under 10,000 and as the problem size increases, code
generation time, compilation time, code size, and binary size all increase, but all solvers still take less
than eight minutes to generate and compile.
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Problem Size  Codegen Time (s) Compile Time (s) Code Size (KB) Binary Size (KB)

group-lasso_N_1 761 4.2 4.3 545 234
group-lasso_N_2 2022 16.9 77.0 1292 590
group_lasso_N_3 3783 38.7 37.6 2397 1150
group_lasso_N_4 6044 70.5 69.3 3923 1898
group-lasso_N_5 8805 112.3 96.9 5949 2918
portfolio. N_2 804 2.8 4.1 481 226
portfolio.N_4 2008 11.1 45.0 1082 518
portfolio_N_6 3612 25.3 473.9 1890 918
portfolio. N_8 5616 45.5 46.0 2982 1482
portfolio.N_10 8020 72.9 106.1 6309 3026
levx N_15 644 3.6 19.3 1057 482
levx-N_50 2114 39.3 57.0 3795 1590
levx N_75 3164 89.9 85.5 5694 2434
levx_N_100 4214 163.8 140.1 7934 3322
levx_N_125 5264 263.0 193.3 9675 4026
robust_kalman_filter_N_25 775 5.8 11.3 759 318
robust_kalman_filter_N_50 1550 23.2 128.8 1491 582
robust_kalman_filter_N_75 2325 53.0 34.1 2236 890
robust_kalman_filter N_125 3875 155.2 76.8 3730 1450
robust_kalman_filter N_175 5425 311.0 122.5 5235 2022
oscillating_masses_N_8 1344 4.7 22.9 1112 478
oscillating_masses_N_20 3312 28.2 33.3 2785 1150
oscillating_masses_N_32 5280 72.4 60.4 4450 1806
oscillating_masses_N_44 7248 138.5 86.3 6122 2450
oscillating_masses_N_56 9216 226.9 123.6 7839 3102

Table 1: Code generation time, compilation time, and resulting code and binary sizes for
benchmark problems.
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5.2 Model-predictive control problems

We consider a set of 64 model-predictive control problems taken from [(1] and also used by [12]. Note
that we exclude the eight “nonlinear chain” problems as they took too long to generate custom solvers
for. We run these problems on our desktop computer with the AMD Ryzen 9 7950X3D, as well as the
Raspberry Pi CM4. Similarly to the benchmark problems, we solve each MPC problem 100 times and
record the minimum runtime. These problems take the following form

Syl [Q ST [wk—up T
. . . T T
mipimize kzo Lk _ UE} [ST R] Ltk B uz} + (zy —27) Pz, —27)
subject to  Tg = Tinit

Tpy1 = Az + Buy, + T

yr = Cxy, + Duy + e,

dmin S M.’L’k + N’U,k S dmax

Umin S U S Umax

Ymin < Yk < Ymax
7n-’1in <Tz; < d;lax'
Table 2 shows that all problems except SpringMass_1 problem have sizes under 10,000 and combined
generation and compilation times under ten minutes. Additionally, among problems with sizes under
10,000, all but quadcopter_3 require less than five minutes to generate and compile solvers.

Figure 7 shows the numerical results on the desktop computer. We see that CLARABEL, GUROBI, and
MOSEK solve all problems successfully, Q0CO and QOCO, . €ach fail on only one, and ECOs fails on
seven. Among the 63 problems solved by both QOCO and QOCOustom; QOCOustom 18 the fastest solver
by a wide margin, followed by QOCO.

Figure 8 shows the results on the Raspberry Pi CM4, and we see that all solvers solve the same number
of problems as on the desktop. We also see that problems are solved roughly an order magnitude slower
on the CM4, as it is a less powerful processor. We again see that among the 63 problems solved by both
QOCO and QOCO,ysioms QOCOustom OF QOCO is always the fastest solver, but on the nine largest problems,
QOCO is faster than QOCOysom- This occurs for the largest problems, since the QOCO, 0w binaries are
larger than the CM4’s L2 cache, likely leading to many instruction cache misses and increased solve
time.

We observe QOCO outperforming QOCO,onm Only on the CM4 and not on the desktop computer. This
is due to the substantially smaller cache on the CM4 (1 MB of L2 cache) compared to the AMD Ryzen
9 7950X3D (16 MB of L2 cache and 128 MB of L3 cache). On the desktop processor, the QOCO ustom
binaries for all tested problems fit comfortably within the L2 cache. If we were to benchmark problems
on the desktop where the QOCO o binary approached the 16 MB L2 cache size, we would expect
to see some performance degradation. If the binary size approached the 128 MB L3 cache limit, we
expect the performance degradation to be significant and could lead to QOCO outperforming QOCO.ysiom-
However, for problems of this scale, code generation and compilation time will be prohibitively long,
on the order of several hours to even a day, making the use of QOCOGEN and QOCO, g0 impractical.
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Table 2: Code generation time, compilation time, and resulting code and binary sizes for
mpc problem instances.

Problem Size  Codegen Time (s) Compile Time (s) Code Size (KB) Binary Size (KB)
aircraft_1 504 14 2.7 412 182
aircraft_2 524 1.4 2.6 413 186
aircraft_3 464 1.1 2.3 376 170
aircraft_4 504 14 2.7 412 182
aircraft_10 584 2.2 3.8 470 198
aircraft_11 636 2.3 3.9 480 202
aircraft_12 636 2.3 3.8 480 202
aircraft_13 3116 56.0 32.7 2230 890
ballOnPlate_1 398 1.5 2.4 328 150
ballOnPlate_2 398 1.5 2.4 328 150
ballOnPlate_3 398 1.5 2.4 328 150
ballOnPlate_4 658 4.1 4.3 509 214
binaryDistillationColumn_1 2936 8.9 179.2 3107 1338
binaryDistillationColumn_2 2936 8.8 179.4 3107 1338
dcMotor_1 564 1.8 3.4 456 194
dcMotor_2 1114 6.7 18.1 858 354
dcMotor_3 5514 175.3 78.4 4184 1602
dcMotor_4 5514 175.3 78.5 4184 1602
dcMotor_5 1114 6.7 18.0 858 354
dcMotor_6 1114 6.8 17.8 857 354
doublelnvertedPendulum_1 502 1.1 2.4 390 178
doublelnvertedPendulum_2 502 1.2 2.4 389 178
doublelnvertedPendulum_3 542 1.4 2.7 425 190
fiordosExample_1 119 0.1 0.6 132 74
fiordosExample_2 139 0.2 0.7 150 78
fiordosExample_3 119 0.1 0.6 132 74
forcesExample_1 171 0.2 0.8 163 86
forcesExample_2 170 0.2 0.8 161 86
forcesExample_3 189 0.3 0.8 174 90
forcesExample_4 369 1.1 1.8 287 134
helicopter_1 201 0.3 0.9 197 98
helicopter_2 1051 7.7 14.0 863 378
helicopter_3 536 2.1 3.2 449 186
nonlinearCstr_1 1164 7.2 16.3 829 338
nonlinearCstr_2 1164 7.2 16.5 829 338
nonlinearCstr_3 294 0.5 1.3 247 114
pendulum_1 435 1.1 2.0 332 154
pendulum_2 432 1.1 2.0 329 150
pendulum_3 155 0.1 0.7 153 86
quadcopter-1 1592 15.0 118.2 1770 782
quadcopter_2 3172 60.0 57.0 3656 1594
quadcopter_3 7912 409.8 197.9 9408 3974
quadcopter_4 3172 60.0 57.0 3655 1594
quadcopter_5 3072 51.3 55.1 3686 1590
quadcopter_6 1678 15.7 123.5 1797 794
robotArm_1 276 0.6 1.3 243 114
robotArm_2 1056 8.9 12.7 795 330
shell_1 739 4.1 15.7 974 458
shell 2 1469 16.0 146.7 2017 858
shell 3 739 4.0 15.7 974 458
spacecraft_1 1137 8.6 15.6 835 338
spacecraft_2 1137 8.6 15.8 835 338
springMass_1 21239 2521.6 567.3 17247 6326

Continued on next page
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Problem Size  Codegen Time (s) Compile Time (s) Code Size (KB) Binary Size (KB)
springMass_2 2159 20.4 178.8 1704 658
springMass_3 2144 20.3 167.4 1690 654
springMass_4 4279 82.3 53.5 3382 1314
toyExample_1 199 0.3 0.8 178 90
toyExample_2 389 1.1 1.9 296 138
toyExample_3 199 0.3 0.8 178 90
toyExample_4 959 6.5 8.2 650 278
toyExample_5 1909 26.4 99.8 1259 490
tripleInvertedPendulum_1 2739 22.2 272.7 2109 822
tripleInverted Pendulum-_2 2919 28.2 28.3 2291 926
tripleInvertedPendulum_3 2919 28.1 28.3 2289 926
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5.3 Maros—Mészaros problems

The Maros—Mészaros problems are a set of 138 challenging QPs that include a wide range of problem
sizes (from 3 to around 300, 000 variables) and contain very difficult problems that have ill-conditioning
and poor scaling [62]. These properties make the Maros—Mészaros problems a good test set to assess
the robustness of solvers. We test QOCO but not QOCO, .m On these problems since many problems are
far too large to generate code for. Additionally, we run each problem once rather than the 100 runs we
do for the benchmark and MPC problems since many of the Maros—Mészaros problems are extremely
large, and running them 100 times per solver is extremely cumbersome.

Figure 9 shows that the proprietary solver Gurobi successfully solved the largest fraction of the problems
followed by QOCO, CLARABEL, MOSEK, and ECOS. We can also see that for the majority of the problems,
QOCO was the fastest solver, whereas MOSEK and ECOS tended to be the slowest. The latter result
is unsurprising as MOSEK and ECOS can only handle linear objectives and the reformulation of the
quadratic objective into a second-order cone likely introduces significant fill-in, slowing these solvers
down. We also observe that for many of the largest problems, Gurobi is the fastest solver, due to
multithreading in its matrix factorization.
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Figure 9: Performance profiles for Maros—Mészaros problems

5.4 SuiteSparse least-squares problems

Finally, we consider a set of 23 least-squares problems Az &~ b, where the matrix A € R™*" is drawn
from the SuiteSparse Matrix Collection [63]. Following [56] and [12], we get an approximate solution to
each least-squares problem by solving a Huber regression and lasso regression problem for a total of 46
problems, which can both be formulated as constrained quadratic programs [51]. These optimization
problems are quite large with some having over a million optimization variables, so we do not test
QOCOystom due to the prohibitively long code-generation time. Additionally, we run each problem once
rather than 100 times.

The Huber regression problem is given by

m
minimize Z QS(GZT%‘ — b;),
xT

i=1
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where aZT is the i*" row of A and ¢ : R — R is defined as

22 if |z <9
P(z) = . 2l < ,
02|zl —=¢) if |z| >4

where we use § = 1.

The lasso regression problem is given by

minimize ||Az — b||3 + \||z||1,
x

where we set A = ||ATb]|s0.

Figure 10 shows that QOCO and CLARABEL successfully solve all problems, with QOCO being the fastest
on most instances. After QOCO and CLARABEL, the solvers which solve the largest fraction of problems
are MOSEK, GUROBI, and ECOS in that order. As with the Maros—Mészaros problems, we observe that
Gurobi is the fastest on some of the largest problems, due to it multithreaded matrix factorization.

In total, there are 184 Maros—Mészaros problems and SuiteSparse least-squares problems, and GUROBI
solves 176, QOCO solves 175, CLARABEL solves 172, MOSEK solves 171, and ECOS solves 129.
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Figure 10: Performance profiles for SuiteSparse least-squares problems

6 Conclusion

We have presented QOCO, a C-based solver, and QOCOGEN, a custom solver generator for quadratic ob-
jective second-order cone programs (SOCPs). Both implement primal-dual interior-point methods, with
QOCOGEN generating custom solvers written in C, called QOCO.u0om, that exploit the sparsity pattern
of problems to gain a computational advantage. We demonstrate that QOCO is a fast and robust solver,
and QOCO.uyom 18 significantly faster than QOCO, making it a useful tool for real-time applications, such
as model-predictive control, trajectory optimization, and other domains where computational efficiency
is critical.
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Since both QOCO and QOCOGEN are open-source, they are accessible to users in both academia and
industry. QOCO and QOCOGEN are integrated with CVvXPY and CVXPYGEN respectively, allowing users to
formulate optimization problems in a natural way following from math rather than manually converting
the problem to the solver-required standard form. This integration enhances usability of our solvers.

Documentation and installation instructions for QOCO and QOCOGEN are available at
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Nonsymmetric Newton system

In this section we will show that Newton steps applied to Equations (5a), (5b), (5¢), (5d) result in
a nonsymmetric linear system which is less efficient to store and factor than the symmetric system
presented in Equation (19).

We must first introduce the arrow matrix, a matrix that will allow us to rewrite the Jordan product,
defined in Equation (6), as a matrix-vector multiplication. The arrow matrix can be written for vectors
in the non-negative orthant and second-order cone as

diag(z) if 2 € R,

— T
Arw(z) = [xo x ] itee o
1 xol

For a vector in cone K where

]C261XCQX--'XCK,

and C; is the non-negative orthant or a second-order cone, we can write the arrow matrix as

Arw(z) = blkdiag(Arw(z1),...,Arw(zg)) where z; € C;,

Note that if = is in the interior of K, then Arw(x) is positive definite and thus is invertible.

We can then write the Jordan product for two vectors u,v € K as
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xoy = Arw(x)y,

We now linearize Equations (9a) - (9¢) about the current iterate, (xg, sk, Yk, 2x), write the Jordan
products using the arrow matrix and get the linear system

P 0 AT GT Ax —Ty
0 Arw(zy) 0 Arw(sg)| |As|  |[—7s
A 0 0 0 Ayl | —ry
G I 0 0 Az —r,

We can attempt to symmetrize the coefficient matrix by multiplying the second equation by Arw/(s;)
to get

P 0 AT GT Ax —Ty
0 Arw(sk)_lArw(zk) 0 I As| —Arw(sk)fl% (31)
A 0 0 0] Ay —r,
G I 0 0 Az Tz

However, the coefficient matrix above will only be symmetric if Arw(s;) ' Arw(z;) is symmetric. This
can only be ensured if K only consisted of the non-negative orthant and no second-order cones. In
other words, the system in (31) would only be symmetric if Problem 1 was a quadratic program rather
than a second-order cone program. Even if we were to eliminate As from Equation (31), we would still
not have a symmetric linear system.

B Custom LDL factorization performance

This section provides empirical evidence supporting our claims in Sections 1 and 4.1. Specifically,
we show that sparse linear algebra incurs extra overhead from identifying and locating nonzero ele-
ments, leading to more CPU instructions, memory accesses and cache misses. In contrast, a custom
implementation that hardcodes the exact memory accesses and floating point operations reduces these
inefficiencies. We specifically compare QDLDL (used in QOCO) against our custom LDL' factorization
(used in QOCO.ys0m), Since the most expensive operation in a generic implementation of Algorithm 1
is the LDLT factorization. To compare the two matrix factorization implementations, we use Linux
perf, a profiling tool that provides CPU performance metrics, which will allow us to quantify the
computational overhead of sparse versus custom factorizations.

As a representative example of a matrix we would factor, we consider the KKT matrix associated with
the Linear Quadratic Regulator (LQR). The LQR problem is

T T-1
C e 1 T T
mlriql’rénze 5 (Z xp Qrar + Z Uy, Rkuk>
k=1 k=1
subject to xgyi1 = Agxg + Brur Vk € [1, T— 1]

L1 = Linit,

and its associated KKT matrix is

P HT
K= [H —EI]’

where
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P = blkdlag(@la Q27 SRR QTa R17 R2a v 7RT—1)
A -1 By
Ay —1 By

AN,1 -1 BNfl

Notice that we apply static regularization to ensure that the (2,2) block of K is negative definite,
making K quasidefinite. The sparsity pattern of K is depicted by Figure 11.

N

hY

Figure 11: Sparsity pattern of LQR KKT matrix for T=5

For simplicity, we assume time-invariant system and cost matrices, i.e., Qr = R = I and fixed matrices
A € R%*6 B € R6%3, We choose the elements of A and B randomly and consider time horizons 7T
{5,15,50,75,100}. The actual elements of these matrices do not matter much, as our goal with these
experiments is to understand the CPU behavior which (to first order) is unaffected by the value of
elements in the matrices. To get accurate profiling results, we run each matrix factorization 1 million
times to get the average runtime, number of instructions, number of L1 data cache loads, number of
L1 cache misses, number of branches, and number of branch mispredictions.

From Table 3, we can see that the custom LDLT factorization is about four times faster than the sparse
factorization because it does much less work: issuing fewer instructions, performing fewer memory
accesses, and incurring fewer L1 cache misses. Although QDLDL has a far more branches than our
custom LDL' implementation, the branches are quite predictable, and pipeline stalls are avoided.

By hardcoding the exact memory accesses and floating point operations, our custom LDLT factorization
eliminates much of the overhead associated with sparse matrix operations. This substantial reduction
in memory accesses and instructions leads to a significantly faster factorization.
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Table 3: Perf results for qdldl and custom LDL'" factorization

Runtime (us) Instructions L1 cache loads L1 cache misses Branches Branch misses
Size qdldl custom qdldl custom qdldl custom qdldl  custom qdldl custom qdldl  custom
2.103 0.435 36650 4858 14049 1851 0 0 5419 1 0
7.507 1.777 132796 18053 50550 6442 572 27 19124 4 0
27.077 6.117 469289 | 62046 179709 | 21468 2539 1204 67081 11 1
38.848 8.485 709731 | 93912 279033 | 32211 3735 1828 101347 14 2
100 49.577 | 12.894 950101 | 125747 365981 | 43559 5567 2459 135597 18 5

C Problem classes

In this section, we describe the five problem classes considered in our numerical experiments, along
with various problem sizes and instances within each problem class. We use the notation U(a,b) to
denote a uniform distribution on the interval [a, b], N (u,0) for a Gaussian distribution with mean
and standard deviation o, 0,,x, for the matrix of all zeros in R™*", and I,, for the identity matrix in
RTLXTL.

C.1 Robust Kalman filter

We consider the robust Kalman filtering problem for vehicle tracking, as outlined in [68]. This problem
is a quadratic objective second-order cone program (SOCP) and takes the form

N-—1
e . 2
minimize > ([lwill3 + 7¢p(vr))
k=0 (32)

subject to  xpi1 = Axp + Bwy Vk € [0, N —1]
r=Cxp+v, Vke [O,N— 1],

where ¢, is the Huber loss function

12113 lzllz < p
(;SP(Z) = 2
2p|zll2 = p*  ||z]l2 > p.

In this problem, z; € R* represents the state of the vehicle at timestep k, w;, € R? is an unknown force
vector acting on the vehicle at timestep k, v, € R? is the measurement noise vector at timestep k, and
yr € R? represents a noisy measurement of the vehicle’s state at timestep k. The matrices A and B
are known dynamics matrices for the system, and C' is the known observation matrix. To reconstruct
the vehicle’s state trajectory, we solve Problem 32.

We use the system matrices

1 0 (1—3A¢t) At 0
4|01 0 (1—3At) At
00 1-7At 0

0 0 0 1 —yAt
A2 0
1 A42
| 0 34t
At 0
L 0 At
100 0
C__o 10 0]’
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which correspond to a two-dimensional double integrator model with linear velocity drag and unit mass,
where the input is a force and we observe the position of the vehicle. We use v = 0.05 for the velocity
drag parameter, At for the discretization time, and p = 2 and 7 = 2 for the Huber loss function.

Problem sizes To generate different problem sizes, we vary the number of timesteps N. We consider
the following values for N: {25, 50, 75,125, 175,225, 300, 375,450, 500}. For each of these problem sizes,
we set At =T /(N — 1), where T = 50 is the time horizon.

Problem instances For each problem size, we generate 20 random problem instances, corresponding
to 20 different observation trajectories 3. To do this, we first randomly generate the force and noise
vectors w; and v, respectively, for t € [0, N — 1]. Then, we forward-simulate an initial state of
2o = [0 0 0 0] through the dynamics defined in the constraints of Problem 32. Each element of w
and v; is drawn from a standard Gaussian distribution N'(0,1). Additionally, for 20 % of the elements
of vy, we introduce outlier noise by drawing elements from AN(0,20), to simulate noise with a larger
magnitude.

C.2 Lossless convexification

The losslessly convexified powered-descent guidance problem is an optimal control problem that aims
to compute a soft landing trajectory for a rocket while respecting relevant constraints. One important
constraint is the lower thrust bound on the engine, which is nonconvex. However, it has been shown that
this constraint admits a lossless convex relaxation [37, 38]. This means that the solution to the relaxed
convex problem guarantees a solution to the original nonconvex problem. The losslessly convexified
problem can be written as an SOCP

minimize — zp
T,2,U,0

subject to ap41 = Axp + Bup+9g Vke[0,T —1]
211 = 2k — aopAt Yk € [0,T — 1]
lukllza < o VE€[0,T —1]
log(Mmyet — apakAt) < 2z < log(myet — ap1kAt) Vk € [0,T — 1]
[z — z0.4)2
2
e3 uy > 05, co8(Amax) Vk € [0,T —1]

To = Tinit, 20 = 10g(Mwet), 27 > log(magry),

pig |1 — 2k — 20k] + <o < pok[l — (2 —20k)] VEE€[0,T—1]

where zj, € RS is the position and velocity of the rocket at timestep k, u; € R? is the thrust per unit
mass at timestep k, zx € R is the natural logarithm of the rocket’s mass at timestep k, and o € R
is a slack variable at timestep k. Further we define 2o = log(mwes — ap2kAt), p1r = p1e”*, and
pok = p2e”*°. The parameter p; € R is the minimum thrust of the engine, p2 € R is the maximum
thrust of the engine, o € R is a mass depletion parameter that describes how efficient the engine is,
Mwet € R is the sum of the dry mass of the rocket and the initial fuel mass, O.x € R is the maximum
angle from vertical that the thrust vector can make, xini; € RS is the initial state of the rocket, At € R
is the discretization time, and es is the third canonical basis vector in R?. The dynamics matrices A
and B, and the vector g, are defined as

I3 At([g):|
A=
[03x3 I3

p= Ay

g=1[0 0 —0.5gAt> 0 0 — goAt].
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For this problem class we use the parameters

go = 9.807, p1 =100, p2 = 500, Mmary = 25, Myet = 35, Omax = m/4, a = 0.001.

Problem sizes To generate different problem sizes, we vary the number of timesteps T'. The dis-
cretization time is computed as At =t;/(T — 1), where t; = 20. We consider the following values for
T: {15,50, 75,100, 125, 150, 200, 250, 300, 350}.

Problem instances For each problem size (i.e., for each number of timesteps), we generate 20
random problem instances, which involves generating a random initial state xj,;. We generate xi,i, as

'L[(—lO, 10) 1
U(~10,10)
Z/{(QOO, 400)
Linit ™~ 0
0
L 0 -

C.3 Group lasso

The group lasso problem is a quadratic objective SOCP. It is a variation of the least-squares regression
problem, where the regression variables are partitioned into disjoint groups, and a regularization term
is added to encourage group sparsity. Let x = [:U(l),x@), N )] represent the partitioning of the
regression variables, where each @ is a group of variables. We can write the problem as

N
minimize ||Az — b||% + )\Z ||!E(i)”2-
xT
i=1

This can be written as an SOCP by introducing a slack variable t € RY, and an auxiliary variable
y € R™ to avoid computing A" A and maintain sparsity in the Hessian of the objective function. The
problem is now

N
.. 2 '
minimize llyllz + )\th
i=1
subject to  [|zW |y < #; Vie [1,N]
y= Az — b,

where A € R™*" h € R™.

Problem sizes To generate different problem sizes, we vary the number of groups N. We consider
the following values for N: {1,2,3,4,5,8,10,12,14,16}.

Problem instances For each problem size (i.e., for each number of groups) we generate 20 random
problem instances, corresponding to the generation of the matrix A and the vector b. We set A to
have m = 250N rows and n = 10N columns, where z is partitioned into N groups, each containing
ten regression variables. The matrix A is sparse, with 10% of its elements nonzero, and the nonzero
elements are drawn from the uniform distribution ¢/(0, 1).

To generate b, we first generate £ € R™ and partition it into N groups of ten variables. Half of the
groups are set to zero, and the remaining elements are drawn from the standard Gaussian distribution
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N(0,1). Next, we generate an error vector e € R™ with elements drawn from N (0,1/n). Finally, we
compute b = Az + e. Note that each problem instance will have a different sparsity pattern for A,
which requires us to generate a new custom solver for each instance.

C.4 Portfolio optimization

We consider the Markowitz portfolio optimization problem with a no-short-selling constraint [3, 51].
This problem is the QP

minimize 'ya:TEx — MTJ:
xz
n
subject to le =1
i=1

x>0 Viel[ln],

where z € R" is the allocation vector, with x; representing the percentage of resources invested in asset
i, o € R™ is the vector of expected returns, and ¥ € S} is the covariance matrix of asset returns.

Typically, the return covariance matrix ¥ is approximated as the sum of a low-rank matrix and a
diagonal matrix. Thus, we write ¥ = FFT + D, where F € R™*¥ is a factor matrix of rank k. We
then add the auxiliary variable y and the constraint y = F'Tz to avoid computing F'F' and maintain
sparsity in the Hessian of the objective function. The final problem can be rewritten as

minimize z' Dz +y'y—~ 'u'x
x’y

subject to y = Flz

n
ZZ’Z‘ =1
=1

x; >0 Viel[l,n].

Problem sizes To generate different problem sizes, we vary the number of factors, k. We consider
the following values for k: {2,4,6,8, 10, 15, 20, 25,30, 35}.

Problem instances For each problem size (i.e., each number of factors), we generate 20 random
problem instances. This corresponds to generating the matrices D, F', and the vector . We set the
number of assets to n = 100k, and for all instances, we take v = 1. The diagonal elements of D are
drawn from N(0,1), and the elements of y are drawn from N (0, vk). The matrix F is a sparse matrix,
with 50% of its elements being nonzero, and its nonzero elements are drawn from N(0,1). Note that
each problem instance will have a different sparsity pattern for F', which requires us to generate a new
custom solver for each instance.

C.5 Oscillating masses

The oscillating masses problem is an optimal control problem involving a system of N masses in one
dimension, where each mass is connected to its neighboring mass by a spring, and the outermost two
masses are attached to a fixed wall. The goal is to apply forces to each mass to bring the system to
equilibrium [67]. This problem can be formulated as a QP
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T T-1
mi%iglize % <Z zp Qg + Z ugRuk>
k=0 k=0
subject to  wpy1 = Axy, + Bup, Vk € [0,T —1]
L0 = ZLinit
7k ]loo < Zmax VK €[0,T]
||uk||00 < Umax Vk € [O,T - 1]

where z;, € R2V is the position and velocity of the masses at timestep k, ux € RY is force applied to
each mass at timestep k, and Q) € S%FN and R € Sﬂy penalize deviation from equilibrium and control
effort respectively.

The dynamics matrices A and B are derived from an exact discretization of the continuous-time linear
dynamics, using a zero-order hold on control input

A= eACAt

where

A — [ONXN Iy ]
¢ Ly  Onxn

_ |OnxnN
BC_[IN]

Here, Ly € RV*N is a symmetric tridiagonal matrix with —2 on the main diagonal and 1 on the
subdiagonal and superdiagonal.

For this problem class, we use the parameters

N =4, At =0.25, Tymax = 2, Umax = D.

Problem sizes To generate different problem sizes, we vary the number of timesteps 7. We consider
the following values for T": {8, 20, 32,44, 56, 76,96, 116, 136, 156}.

Problem instances For each problem size (i.e., each number of timesteps), we generate 20 random
problem instances. This involves generating a random initial state xinit, as well as the matrices @) and
R. We draw each element of xin;; from A(0,1), then clip the elements such that they lie within the
interval [—0.9Zmax, 0.9Zmax]. This ensures that the initial state satisfies the state constraints, making
the resulting problem feasible. The matrices ) and R are generated as diagonal matrices, with each
diagonal element drawn from the uniform distribution (0, 10).

D Detailed numeric results
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Table 4: Iterations and solver runtimes for robust Kalman filter problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_-CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
ROBUST_KALMAN_FILTER_N_25_1_0 775 12 15 - 9 9 9 0.00082 0.00148 0.00618 0.00123  0.00043 0.00018
ROBUST_KALMAN_FILTER-N_25_1_1 775 10 15 - 10 9 9 0.00071 0.00154 0.00652 0.00129  0.00046 0.00018
ROBUST_KALMAN_FILTER_N_25_1_2 775 11 18 - 11 10 10 0.00077 0.00175 0.00701 0.00134  0.00047 0.00020
ROBUST_KALMAN_FILTER_N_25_1_3 775 10 17 - 10 9 9 0.00072 0.00171  0.00616 0.00129  0.00045 0.00018
ROBUST_-KALMAN_FILTER-N_25_1_4 775 11 15 - 11 9 9 0.00077 0.00148  0.00630 0.00137  0.00043 0.00018
ROBUST_KALMAN_FILTER_N_25_1.5 775 10 14 - 9 8 8 0.00071 0.00145 0.00659 0.00124  0.00041 0.00016
ROBUST_KALMAN_FILTER-N_25_1_6 775 11 15 - 10 9 9 0.00076 0.00152 0.00656 0.00130  0.00045 0.00018
ROBUST_KALMAN_FILTER_N_25_1_7 775 10 17 - 11 9 9 0.00071 0.00168  0.00728 0.00136  0.00045 0.00018
ROBUST_KALMAN_FILTER_N_25_1_8 775 10 15 - 9 9 9 0.00071 0.00147 0.00614 0.00123  0.00044 0.00018
ROBUST_KALMAN_FILTER_N_25_1_9 775 9 18 - 11 9 9 0.00066 0.00182  0.00633 0.00133  0.00045 0.00018
ROBUST_KALMAN_FILTER_N_25_1_10 775 11 16 - 11 10 10 0.00077 0.00161  0.00668 0.00135  0.00048 0.00020
ROBUST_KALMAN_FILTER_N_25_1_11 775 12 19 - 11 10 10 0.00084 0.00185  0.00647 0.00134  0.00048 0.00020
ROBUST_KALMAN_FILTER_N_25_1_12 775 10 17 - 10 9 9 0.00071 0.00166  0.00576  0.00128  0.00045 0.00018
ROBUST_KALMAN_FILTER-N_25_1_13 775 8 18 - 10 8 8 0.00061 0.00182 0.00687 0.00129  0.00040 0.00016
ROBUST_KALMAN_FILTER_N_25_1_14 775 10 17 - 10 9 9 0.00071 0.00166  0.00582  0.00129  0.00044 0.00018
ROBUST_KALMAN_FILTER-N_25_1_15 775 10 16 - 9 8 8 0.00069 0.00162 0.00623 0.00123  0.00039 0.00016
ROBUST_KALMAN_FILTER_N_25_1_16 775 10 17 - 9 9 9 0.00072 0.00164 0.00665 0.00124  0.00043 0.00017
ROBUST_KALMAN_FILTER-N_25_1_17 775 9 17 - 10 9 9 0.00065 0.00175  0.00625 0.00130 0.00043 0.00018
ROBUST_KALMAN_FILTER_N_25_1_18 775 11 16 - 10 9 9 0.00076 0.00155  0.00579 0.00130 0.00044 0.00018
ROBUST_KALMAN_FILTER_N_25_1_19 775 11 19 - 10 10 10 0.00077 0.00186  0.00706 0.00129  0.00047 0.00020
ROBUST_KALMAN_FILTER-N_50_1_0 1550 13 18 - 11 12 12 0.00174 0.00364 0.01170 0.00272 0.00108 0.00048
ROBUST_KALMAN_FILTER_N_50_1_1 1550 14 19 - 11 12 12 0.00185 0.00362 0.01123 0.00275 0.00110 0.00048
ROBUST_KALMAN_FILTER_N_50_1_2 1550 11 20 - 10 10 10 0.00146 0.00393 0.01189 0.00268  0.00095 0.00041
ROBUST_KALMAN_FILTER_N_50_1_3 1550 11 19 - 9 10 10 0.00148 0.00375  0.01069 0.00246  0.00092 0.00040
ROBUST_KALMAN_FILTER_N_50_1_4 1550 11 20 - 9 10 10 0.00149 0.00381  0.01077  0.00245  0.00092 0.00040
ROBUST_KALMAN_FILTER_N_50_1_5 1550 11 19 - 9 10 10 0.00149 0.00377 0.01188 0.00243  0.00092 0.00041
ROBUST_KALMAN_FILTER_N_50_1_6 1550 12 19 - 10 11 11 0.00164 0.00373 0.01144 0.00260  0.00098 0.00045
ROBUST_KALMAN_FILTER_N_50_1_7 1550 10 17 - 8 9 9 0.00137 0.00347  0.01058 0.00228 0.00086 0.00037
ROBUST_KALMAN_FILTER_N_50_1_8 1550 11 20 - 9 10 10 0.00150 0.00386 0.01149 0.00257  0.00093 0.00040
ROBUST_KALMAN_FILTER-N_50_1_9 1550 12 24 - 9 10 10 0.00159 0.00463 0.01121 0.00246  0.00093 0.00040
ROBUST_KALMAN_FILTER_N_50_1_10 1550 11 21 - 9 9 9 0.00150 0.00410 0.01281 0.00245  0.00087 0.00037
ROBUST_KALMAN_FILTER-N_50_1_11 1550 11 19 - 9 10 10 0.00152 0.00377 0.01052 0.00246  0.00098 0.00040
ROBUST_KALMAN_FILTER_N_50_1_12 1550 12 18 - 9 11 11 0.00161 0.00358 0.01095 0.00244  0.00099 0.00044
ROBUST_KALMAN_FILTER-N_50_1_13 1550 13 21 - 12 12 12 0.00173 0.00411  0.01202 0.00287 0.00107 0.00048
ROBUST_KALMAN_FILTER_N_50_1_14 1550 13 19 - 12 12 12 0.00176 0.00377 0.01116 0.00286  0.00110 0.00049
ROBUST_KALMAN_FILTER_N_50_1_15 1550 11 19 - 10 10 10 0.00150 0.00379 0.01168 0.00259  0.00096 0.00041
ROBUST_KALMAN_FILTER-N_50_1_16 1550 12 21 - 9 10 10 0.00162 0.00414 0.01058 0.00243  0.00092 0.00040
ROBUST_KALMAN_FILTER_N_50_1_17 1550 13 21 - 10 11 11 0.00172 0.00398 0.01104 0.00255 0.00101 0.00044
ROBUST_KALMAN_FILTER-N_50_1_18 1550 11 18 - 9 10 10 0.00152 0.00356  0.01133 0.00243  0.00094 0.00041
ROBUST_KALMAN_FILTER_N_50_1_19 1550 13 19 - 11 12 12 0.00175 0.00372  0.01152 0.00270 0.00107 0.00048
ROBUST_KALMAN_FILTER-N_75_1_0 2325 13 18 - 12 11 11 0.00257 0.00556  0.01736  0.00523  0.00147 0.00068
ROBUST_KALMAN_FILTER_N_75_1_1 2325 12 19 - 10 10 10 0.00236 0.00565 0.01971  0.00477  0.00135 0.00062
ROBUST_KALMAN_FILTER_N_75_1_2 2325 11 21 - 11 10 10 0.00227 0.00648 0.01652 0.00496  0.00140 0.00061
ROBUST_KALMAN_FILTER-N_75_1_3 2325 13 21 - 13 11 11 0.00258 0.00616  0.01908 0.00540 0.00146 0.00068
ROBUST_KALMAN_FILTER_N_75_1_4 2325 13 22 - 12 12 12 0.00261 0.00666  0.01768 0.00523  0.00158 0.00073
ROBUST_KALMAN_FILTER-N_75_1_5 2325 12 23 - 12 11 11 0.00240 0.00680 0.01752 0.00521 0.00149 0.00068
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Table 4: Iterations and solver runtimes for robust Kalman filter problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_-CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
ROBUST_KALMAN_FILTER_N_75_1_6 2325 12 21 - 10 10 10 0.00241 0.00646 0.01624 0.00471 0.00142 0.00061
ROBUST_KALMAN_FILTER-N_75_1_7 2325 12 24 - 11 10 10 0.00236 0.00723 0.01604 0.00488 0.00140 0.00063
ROBUST_KALMAN_FILTER_N_75_1_8 2325 12 21 - 11 10 10 0.00235 0.00619  0.01583 0.00499  0.00135 0.00063
ROBUST_KALMAN_FILTER_N_75_1_9 2325 12 20 - 11 10 10 0.00241 0.00601  0.01868 0.00502 0.00136 0.00062
ROBUST-KALMAN_FILTER-N_75_1_10 2325 14 23 - 13 12 12 0.00276 0.00668 0.01850 0.00548  0.00159 0.00074
ROBUST_KALMAN_FILTER_N_75_1_11 2325 13 21 - 11 11 11 0.00254 0.00644 0.01732 0.00497 0.00147 0.00068
ROBUST_KALMAN_FILTER-N_75_1_12 2325 12 22 - 12 11 11 0.00246 0.00644 0.01831 0.00520 0.00149 0.00067
ROBUST_KALMAN_FILTER_N_75_1_13 2325 13 21 - 11 11 11 0.00256 0.00626  0.01602 0.00493 0.00144 0.00067
ROBUST_KALMAN_FILTER-N_75_1_14 2325 13 19 - 11 11 11 0.00258 0.00577 0.01731 0.00497  0.00150 0.00068
ROBUST_KALMAN_FILTER_N_75_1_15 2325 14 22 - 13 12 12 0.00275 0.00643 0.01746  0.00544 0.00161 0.00074
ROBUST_KALMAN_FILTER-N_75_1_16 2325 13 22 - 11 11 11 0.00256 0.00649 0.01592 0.00489  0.00147 0.00068
ROBUST_KALMAN_FILTER_N_75_1_17 2325 12 21 - 11 10 10 0.00237 0.00628  0.01567 0.00495 0.00137 0.00061
ROBUST_KALMAN_FILTER_N_75_1_18 2325 13 20 - 12 11 11 0.00256 0.00593 0.01666 0.00523  0.00147 0.00067
ROBUST_KALMAN_FILTER_-N_75_1_19 2325 12 20 - 11 10 10 0.00236 0.00578 0.01685 0.00494 0.00141 0.00062
ROBUST_KALMAN_FILTER_N_125_1_0 3875 13 22 - 14 11 11 0.00427 0.01094 0.03237 0.00975 0.00244 0.00116
ROBUST_KALMAN_FILTER_-N_125_1_1 3875 14 23 - 13 12 12 0.00459 0.01191  0.03259 0.00893  0.00264 0.00127
ROBUST_KALMAN_FILTER_N_125_1_2 3875 13 20 - 12 11 11 0.00432 0.01002 0.03394 0.00857  0.00247 0.00117
ROBUST_KALMAN_FILTER-N_125_1_3 3875 13 21 - 12 10 10 0.00424 0.01075 0.03132 0.00857  0.00225 0.00109
ROBUST_KALMAN_FILTER_N_125_1_4 3875 13 20 - 11 10 10 0.00428 0.01025 0.03491 0.00816  0.00226 0.00107
ROBUST_KALMAN_FILTER_N_125_1_5 3875 13 26 - 12 12 12 0.00430 0.01322 0.03353 0.00852  0.00264 0.00127
ROBUST_KALMAN_FILTER-N_125_1_6 3875 14 21 - 13 12 12 0.00458 0.01053  0.03500 0.00932 0.00266 0.00129
ROBUST_KALMAN_FILTER_N_125_1_7 3875 13 21 - 13 12 12 0.00436 0.01074  0.03184  0.00902  0.00267 0.00127
ROBUST_KALMAN_FILTER-N_125_1_8 3875 11 23 - 11 10 10 0.00369 0.01136  0.03438 0.00813  0.00226 0.00107
ROBUST_KALMAN_FILTER_N_125_1_9 3875 12 23 - 11 10 10 0.00402 0.01188 0.03560 0.00808  0.00227 0.00107
ROBUST_KALMAN_FILTER-N_125_1_10 3875 15 24 - 13 12 12 0.00484 0.01217 0.03564 0.00894  0.00264 0.00124
ROBUST_KALMAN_FILTER_N_125_1_11 3875 13 24 - 11 11 11 0.00436 0.01190 0.03224 0.00818  0.00245 0.00116
ROBUST_KALMAN_FILTER_N_125_1_12 3875 13 23 - 13 11 11 0.00436 0.01151 0.03240 0.00891  0.00246 0.00117
ROBUST_KALMAN_FILTER_N_125_1_13 3875 11 21 - 11 10 10 0.00375 0.01088 0.03264 0.00812  0.00225 0.00106
ROBUST_KALMAN_FILTER_N_125_1_14 3875 14 23 - 12 11 11 0.00460 0.01119 0.03209 0.00857  0.00247 0.00119
ROBUST_KALMAN_FILTER-N_125_1_15 3875 13 21 - 12 11 11 0.00426 0.01063 0.03336  0.00861  0.00249 0.00117
ROBUST_KALMAN_FILTER_N_125_1_16 3875 12 21 - 12 11 11 0.00404 0.01096  0.03084  0.00858  0.00249 0.00117
ROBUST_KALMAN_FILTER-N_125_1_17 3875 13 23 - 12 12 12 0.00425 0.01165 0.03524 0.00862 0.00269 0.00125
ROBUST_KALMAN_FILTER_N_125_1_18 3875 13 21 - 12 11 11 0.00430 0.01095 0.03311 0.00846  0.00249 0.00116
ROBUST_KALMAN_FILTER-N_125_1_19 3875 14 21 - 12 12 12 0.00452 0.01066  0.03371  0.00850  0.00265 0.00126
ROBUST_KALMAN_FILTER_N_175_1_0 5425 13 23 - 13 11 11 0.00593 0.01662 0.03626  0.01213 0.00344 0.00164
ROBUST_KALMAN_FILTER_N_175_1_1 5425 13 24 - 13 11 11 0.00608 0.01747 0.03183 0.01210 0.00348 0.00163
ROBUST_KALMAN_FILTER_-N_175_1_2 5425 13 24 - 14 11 11 0.00597 0.01745 0.03231 0.01318 0.00341 0.00162
ROBUST_KALMAN_FILTER_N_175_1_3 5425 13 22 - 12 11 11 0.00595 0.01584  0.03097 0.01173  0.00340 0.00163
ROBUST_KALMAN_FILTER-N_175_1_4 5425 13 22 - 12 11 11 0.00597 0.01597 0.03450 0.01165  0.00344 0.00164
ROBUST_KALMAN_FILTER_N_175_1_5 5425 14 26 - 13 11 11 0.00642 0.01877 0.03103 0.01214 0.00344 0.00166
ROBUST_KALMAN_FILTER-N_175_1_6 5425 15 22 - 13 12 12 0.00680 0.01587 0.03132 0.01206  0.00372 0.00180
ROBUST_KALMAN_FILTER_N_175_1_7 5425 14 25 - 13 11 11 0.00642 0.01788 0.03193 0.01218 0.00341 0.00166
ROBUST_KALMAN_FILTER_N_175_1_8 5425 14 24 - 13 11 11 0.00636 0.01728 0.03399 0.01199  0.00339 0.00166
ROBUST_-KALMAN_FILTER-N_175_1_9 5425 14 24 - 14 12 12 0.00639 0.01703 0.03370 0.01262 0.00367 0.00179
ROBUST_KALMAN_FILTER_N_175_1_10 5425 13 24 - 12 11 11 0.00604 0.01771  0.03132 0.01146  0.00337 0.00168
ROBUST_KALMAN_FILTER-N_175_1_11 5425 13 24 - 14 12 12 0.00600 0.01756  0.03318 0.01306  0.00368 0.00177




5%

Table 4: Iterations and solver runtimes for robust Kalman filter problems

Iterations Solver Runtime (s)

Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_-CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
ROBUST_KALMAN_FILTER_N_175_1_12 5425 14 23 - 14 12 12 0.00636 0.01663  0.03131 0.01259  0.00388 0.00176
ROBUST_KALMAN_FILTER-N_175_1_13 5425 12 26 - 13 10 10 0.00559 0.01881 0.03124 0.01259  0.00313 0.00150
ROBUST_KALMAN_FILTER_N_175_1_14 5425 13 22 - 12 10 10 0.00599 0.01625 0.02931 0.01162 0.00319 0.00153
ROBUST_KALMAN_FILTER_N_175_1_15 5425 14 26 - 13 13 13 0.00641 0.01890 0.03223 0.01215 0.00396 0.00194
ROBUST_-KALMAN_FILTER-N_175_1_16 5425 12 22 - 12 11 11 0.00566 0.01615 0.03234 0.01155  0.00344 0.00165
ROBUST_KALMAN_FILTER_N_175_1_17 5425 14 25 - 13 11 11 0.00644 0.01818 0.03067 0.01220 0.00341 0.00167
ROBUST_-KALMAN_FILTER-N_175_1_18 5425 13 25 - 12 12 12 0.00610 0.01829 0.03079 0.01211 0.00365 0.00178
ROBUST_KALMAN_FILTER_N_175_1_19 5425 13 24 - 15 11 11 0.00604 0.01730 0.03026 0.01383  0.00338 0.00164
ROBUST_KALMAN_FILTER-N_225_1_0 6975 13 24 - 12 11 - 0.00769 0.02292 0.03904 0.01513 | 0.00441 -
ROBUST_KALMAN_FILTER_N_225_1_1 6975 13 24 - 12 11 - 0.00768 0.02281 0.03951 0.01509 = 0.00436 -
ROBUST_KALMAN_FILTER_N_225_1_2 6975 13 26 - 13 12 - 0.00775 0.02437 0.03929 0.01586 & 0.00472 -
ROBUST_KALMAN_FILTER_N_225_1_3 6975 12 23 - 12 10 - 0.00729 0.02152  0.04337 0.01506 = 0.00401 -
ROBUST_KALMAN_FILTER_N _225_1.4 6975 13 25 - 13 11 - 0.00771 0.02463 0.04028 0.01566 = 0.00462 -
ROBUST_KALMAN_FILTER-N_225_1_5 6975 13 25 - 12 11 - 0.00769 0.02433 0.04326 0.01502 = 0.00453 -
ROBUST_KALMAN_FILTER_N_225_1_6 6975 13 26 - 13 11 - 0.00777 0.02557 0.04165 0.01581 = 0.00439 -
ROBUST_KALMAN_FILTER-N_225_1_7 6975 13 24 - 14 11 - 0.00774 0.02269 0.04116 0.01626 = 0.00455 -
ROBUST_KALMAN_FILTER_N_225_1_8 6975 13 24 - 12 11 - 0.00770 0.02280 0.03837 0.01508 | 0.00461 -
ROBUST_KALMAN_FILTER-N_225_1_9 6975 12 25 - 13 11 - 0.00718 0.02402 0.03773 0.01582 @ 0.00451 -
ROBUST_KALMAN_FILTER_N_225_1_10 6975 14 26 - 13 12 - 0.00819 0.02443  0.04265 0.01576 = 0.00476 -
ROBUST_KALMAN_FILTER_N_225_1_11 6975 14 25 - 14 12 - 0.00824 0.02341 0.04128 0.01714 | 0.00497 -
ROBUST_-KALMAN_FILTER-N_225_1_12 6975 12 25 - 11 10 - 0.00712 0.02437 0.04371 0.01434 = 0.00404 -
ROBUST_KALMAN_FILTER_N_225_1_13 6975 13 24 - 13 11 - 0.00762 0.02290 0.04400 0.01571 = 0.00451 -
ROBUST_KALMAN_FILTER-N_225_1_14 6975 13 24 - 15 11 - 0.00778 0.02273  0.04209 0.01791 &= 0.00471 -
ROBUST_KALMAN_FILTER_N_225_1_15 6975 14 24 - 12 10 - 0.00818 0.02301 0.04042 0.01514 &= 0.00451 -
ROBUST_KALMAN_FILTER_-N_225_1_16 6975 13 24 - 12 11 - 0.00771 0.02254  0.04902 0.01508 | 0.00452 -
ROBUST_KALMAN_FILTER_N_225_1_17 6975 14 23 - 12 11 - 0.00817 0.02096 0.04042 0.01522 = 0.00446 -
ROBUST_KALMAN_FILTER_N_225_1_18 6975 13 25 - 13 11 - 0.00774 0.02364 0.04153 0.01579 = 0.00436 -
ROBUST_KALMAN_FILTER_N_225_1_19 6975 13 25 - 13 12 - 0.00775 0.02357 0.04061 0.01564 = 0.00471 -
ROBUST_KALMAN_FILTER_N _300_1_0 9300 14 23 - 13 11 - 0.01091 0.03031  0.05073 0.02093 = 0.00585 -
ROBUST_KALMAN_FILTER-N_300_1_1 9300 13 25 - 13 11 - 0.01028 0.03182 0.05255 0.02074 = 0.00591 -
ROBUST_KALMAN_FILTER_N_300_1_2 9300 14 25 - 12 10 - 0.01087 0.03232 0.05360 0.01995 = 0.00539 -
ROBUST_KALMAN_FILTER-N_300_1_3 9300 13 25 - 12 11 - 0.01032 0.03302 0.05028 0.01985 = 0.00587 -
ROBUST_KALMAN_FILTER_N_300_1_4 9300 13 23 - 13 11 - 0.01033 0.03029 0.05402 0.02151 = 0.00584 -
ROBUST_KALMAN_FILTER-N_300_1_5 9300 13 25 - 13 11 - 0.01028 0.03236  0.05103  0.02079 = 0.00621 -
ROBUST_KALMAN_FILTER_N_300_1_6 9300 13 24 - 12 11 - 0.01024 0.03124  0.05269 0.01998 = 0.00599 -
ROBUST_KALMAN_FILTER_N _300_1_7 9300 14 25 - 13 11 - 0.01096 0.03146  0.05782  0.02094 &= 0.00612 -
ROBUST_KALMAN_FILTER-N_300_1_8 9300 13 25 - 13 10 - 0.01023 0.03290 0.05050 0.02072 = 0.00536 -
ROBUST_KALMAN_FILTER_N_300_1_9 9300 14 26 - 12 11 - 0.01093 0.03401  0.05052 0.01978 = 0.00599 -
ROBUST_KALMAN_FILTER-N_300_1_10 9300 13 24 - 12 11 - 0.01030 0.03104 0.04965 0.02001 = 0.00583 -
ROBUST_KALMAN_FILTER_N_300_1_11 9300 13 25 - 14 11 - 0.01033 0.03223  0.04701 0.02167 = 0.00578 -
ROBUST_KALMAN_FILTER_-N_300_1_12 9300 14 26 - 13 11 - 0.01110 0.03346  0.05214 0.02155 = 0.00584 -
ROBUST_KALMAN_FILTER_N_300_1_13 9300 13 25 - 14 11 - 0.01037 0.03264 0.05290 0.02281 & 0.00585 -
ROBUST_KALMAN_FILTER_N _300_1_14 9300 14 25 - 13 11 - 0.01104 0.03283 0.05176  0.02094 = 0.00585 -
ROBUST_-KALMAN_FILTER-N_300_1_-15 9300 13 27 - 13 11 - 0.01018 0.03389  0.05460 0.02070 = 0.00577 -
ROBUST_KALMAN_FILTER_N_300_1_16 9300 16 26 - 14 12 - 0.01230 0.03374  0.05565 0.02153 = 0.00629 -
ROBUST_KALMAN_FILTER-N_300_1_17 9300 13 23 - 12 10 - 0.01023 0.02993 0.05101 0.01985 = 0.00539 -
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Table 4: Iterations and solver runtimes for robust Kalman filter problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_-CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
ROBUST_KALMAN_FILTER_N_300_1_18 9300 13 24 - 12 10 - 0.01019 0.03166  0.05298 0.01995 = 0.00538 -
ROBUST_KALMAN_FILTER-N_300_1_19 9300 13 25 - 14 11 - 0.01033 0.03166  0.05133  0.02138 = 0.00581 -
ROBUST_KALMAN_FILTER_N_375_1_0 11625 13 26 - 12 11 - 0.01295 0.04382 0.06739  0.02676 & 0.00735 -
ROBUST_KALMAN_FILTER_N _375_1_1 11625 13 26 - 14 10 - 0.01291 0.04279  0.06874 0.02889 = 0.00674 -
ROBUST-KALMAN_FILTER-N_375_1_2 11625 12 26 - 12 11 - 0.01215 0.04399 0.06708 0.02649 & 0.00731 -
ROBUST_KALMAN_FILTER_N _375_1_3 11625 13 26 - 13 11 - 0.01293 0.04319 0.06396 0.02766 = 0.00730 -
ROBUST_KALMAN_FILTER-N_375_1_4 11625 13 24 - 15 11 - 0.01297 0.04012 0.06814 0.03156 = 0.00728 -
ROBUST_KALMAN_FILTER_N_375_1_5 11625 12 23 - 12 10 - 0.01214 0.03820 0.06889 0.02659 = 0.00704 -
ROBUST_KALMAN_FILTER-N_375_1_6 11625 14 25 - 13 12 - 0.01376 0.04189 0.06935 0.02769 = 0.00789 -
ROBUST_KALMAN_FILTER_N_375_1_7 11625 14 25 - 13 11 - 0.01381 0.04206  0.07491 0.02782 = 0.00727 -
ROBUST_KALMAN_FILTER_N_375_1_8 11625 13 26 - 14 11 - 0.01294 0.04346  0.07001 0.02881 = 0.00724 -
ROBUST_KALMAN_FILTER_N_375_1_9 11625 14 27 - 13 11 - 0.01389 0.04595 0.06740 0.02766 = 0.00733 -
ROBUST_KALMAN_FILTER_N_375_1_.10 11625 14 25 - 12 11 - 0.01390 0.04195 0.07056 0.02656 = 0.00729 -
ROBUST_-KALMAN_FILTER-N_375_1_11 11625 12 26 - 13 10 - 0.01212 0.04352 0.06386 0.02762 = 0.00665 -
ROBUST_KALMAN_FILTER_N_375_1_12 11625 13 24 - 14 11 - 0.01294 0.03993 0.06879  0.02891 = 0.00729 -
ROBUST_KALMAN_FILTER_-N_375_1_.13 11625 13 27 - 12 11 - 0.01298 0.04403 0.06671 0.02637 = 0.00735 -
ROBUST_KALMAN_FILTER_N_375_1_14 11625 14 26 - 14 11 - 0.01387 0.04313 0.06759  0.02902 & 0.00731 -
ROBUST_KALMAN_FILTER-N_375_1_.15 11625 14 26 - 13 11 - 0.01382 0.04325 0.07478 0.02744 = 0.00736 -
ROBUST_KALMAN_FILTER_N_375_1_16 11625 13 27 - 13 12 - 0.01301 0.04496 0.06681 0.02751 = 0.00791 -
ROBUST_KALMAN_FILTER_N_375_1_17 11625 13 26 - 15 11 - 0.01300 0.04334 0.06621 0.03148 = 0.00726 -
ROBUST_-KALMAN_FILTER-N_375.1_.18 11625 13 24 - 13 11 - 0.01283 0.03984 0.06962 0.02743 = 0.00733 -
ROBUST_KALMAN_FILTER_N_375_1_19 11625 14 25 - 14 11 - 0.01394 0.04152  0.07587 0.02906 = 0.00733 -
ROBUST_KALMAN_FILTER-N_450_1_0 13950 13 26 - 14 11 - 0.01558 0.05342  0.08442 0.03470 = 0.00877 -
ROBUST_KALMAN_FILTER_N_450_1_1 13950 13 27 - 13 11 - 0.01559 0.05502  0.08003 0.03476 & 0.00872 -
ROBUST_KALMAN_FILTER-N _450_1_2 13950 13 26 - 13 11 - 0.01556 0.05468 0.08639 0.03301 = 0.00879 -
ROBUST_KALMAN_FILTER_N_450_1_3 13950 13 28 - 14 10 - 0.01539 0.05612  0.09875 0.03590 & 0.00811 -
ROBUST_KALMAN_FILTER_N _450_1_4 13950 13 31 - 13 11 - 0.01551 0.06150 0.08927 0.03265 | 0.00875 -
ROBUST_KALMAN_FILTER_N _450_1_5 13950 14 26 - 14 11 - 0.01651 0.05324  0.09395 0.03425 = 0.00880 -
ROBUST_KALMAN_FILTER_N _450_1_6 13950 14 29 - 14 11 - 0.01651 0.05747  0.08958 0.03447 = 0.00876 -
ROBUST_KALMAN_FILTER-N_450_1_7 13950 13 27 - 15 11 - 0.01555 0.05310 0.08318 0.03585 = 0.00877 -
ROBUST_KALMAN_FILTER_N_450_1_8 13950 14 28 - 14 12 - 0.01658 0.05595  0.08977 0.03436 = 0.00967 -
ROBUST_KALMAN_FILTER-N_450_1_9 13950 13 29 - 13 10 - 0.01544 0.05851  0.08958 0.03259 = 0.00811 -
ROBUST_KALMAN_FILTER_N_450_1_10 13950 14 27 - 14 10 - 0.01656 0.05439 0.10099 0.03602 = 0.00807 -
ROBUST_KALMAN_FILTER-N_450_1_11 13950 12 25 - 13 10 - 0.01446 0.05188 0.09591  0.03300 = 0.00833 -
ROBUST_KALMAN_FILTER_N_450_1_12 13950 15 26 - 13 12 - 0.01738 0.05263 0.09965 0.03307 = 0.00944 -
ROBUST_KALMAN_FILTER_N _450_1_.13 13950 13 26 - 14 11 - 0.01559 0.05297  0.09955 0.03434 = 0.00880 -
ROBUST_KALMAN_FILTER-N_450_1-14 13950 13 26 - 13 10 - 0.01553 0.05320 0.07826 0.03279 = 0.00811 -
ROBUST_KALMAN_FILTER_N_450_1_15 13950 14 28 - 13 10 - 0.01669 0.05794  0.08767 0.03325 = 0.00813 -
ROBUST_KALMAN_FILTER-N _450_1_.16 13950 14 29 - 14 11 - 0.01654 0.05936  0.08538 0.03584 = 0.00873 -
ROBUST_KALMAN_FILTER_N_450_1_17 13950 13 27 - 13 11 - 0.01547 0.05590 0.08448 0.03308 ' 0.00878 -
ROBUST_KALMAN_FILTER-N _450_1_18 13950 14 26 - 13 13 - 0.01660 0.05390 0.08806  0.03296 = 0.01010 -
ROBUST_KALMAN_FILTER_N_450_1_19 13950 13 25 - 14 11 - 0.01542 0.05115 0.09033 0.03430 = 0.00879 -
ROBUST_KALMAN_FILTER_N _500_1_0 15500 14 25 - 12 11 - 0.01843 0.05906  0.10041 0.03531 = 0.00977 -
ROBUST_KALMAN_FILTER-N_500_1_1 15500 13 25 - 14 11 - 0.01730 0.05758 0.09165 0.03863 & 0.00972 -
ROBUST_KALMAN_FILTER_N_500_1_2 15500 13 25 - 12 10 - 0.01713 0.05923 0.09384 0.03503 = 0.00894 -
ROBUST_KALMAN_FILTER-N_500_1_3 15500 13 26 - 12 11 - 0.01729 0.06229 0.08355 0.03555 = 0.00964 -
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Table 4: Iterations and solver runtimes for robust Kalman filter problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
ROBUST_KALMAN_FILTER_N_500_1_4 15500 13 29 - 14 11 - 0.01718 0.06716  0.08791  0.03857 | 0.00981 -
ROBUST_KALMAN_FILTER-N_500_1_5 15500 13 25 - 13 10 - 0.01721 0.05794  0.08527 0.03686 = 0.00897 -
ROBUST_KALMAN_FILTER_N_500_1_6 15500 14 29 - 14 11 - 0.01838 0.06719  0.08700 0.03852 ' 0.00976 -
ROBUST_KALMAN_FILTER_N _500_1_7 15500 13 25 - 13 11 - 0.01732 0.05852  0.09098 0.03673 = 0.00975 -
ROBUST-KALMAN_FILTER-N_500_1_8 15500 14 27 - 14 11 - 0.01850 0.06306  0.09047  0.03830 = 0.00987 -
ROBUST_KALMAN_FILTER_N _500_1_9 15500 13 30 - 13 10 - 0.01717 0.06862  0.08998 0.03689 = 0.00901 -
ROBUST_KALMAN_FILTER-N_500_1_10 15500 14 26 - 13 11 - 0.01861 0.05992  0.09209 0.03657 = 0.00973 -
ROBUST_KALMAN_FILTER_N_500_1_11 15500 13 28 - 13 11 - 0.01721 0.06351  0.08248 0.03656 = 0.00975 -
ROBUST_KALMAN_FILTER-N_500_1_12 15500 13 26 - 14 10 - 0.01726 0.06046  0.08330 0.03811 = 0.00894 -
ROBUST_KALMAN_FILTER_N_500_1_13 15500 12 25 - 13 10 - 0.01613 0.05756  0.08654  0.03681 ' 0.00897 -
ROBUST_KALMAN_FILTER-N_500_1_14 15500 13 26 - 14 11 - 0.01735 0.05895 0.09669 0.04051 = 0.00978 -
ROBUST_KALMAN_FILTER_N_500_1_15 15500 14 27 - 15 11 - 0.01839 0.06165  0.09525 0.04201 = 0.00972 -
ROBUST_KALMAN_FILTER_N_500_1_.16 15500 13 26 - 14 11 - 0.01729 0.05945 0.09317 0.03859 = 0.00977 -
ROBUST_KALMAN_FILTER-N_500_1_17 15500 13 27 - 14 11 - 0.01714 0.06225 0.09272 0.03811 = 0.00970 -
ROBUST_KALMAN_FILTER_N_500_1_18 15500 13 26 - 14 11 - 0.01720 0.05936  0.08589 0.03816 = 0.00980 -
ROBUST_KALMAN_FILTER-N_500_1_19 15500 13 28 - 14 11 - 0.01728 0.06322  0.09300 0.03831 = 0.00972 -
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Table 5: Iterations and solver runtimes for lossless convexification problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
LCVX_N_15_1.0 644 8 7 - 9 9 9 0.00074 0.00060 0.00438 0.00111  0.00049 0.00023
LCVX_N_15_1_1 644 8 7 - 9 9 9 0.00072 0.00060 0.00428 0.00110  0.00049 0.00024
LOVX_N_15_1_2 644 10 7 - 9 10 10 0.00085 0.00062  0.00458 0.00099  0.00055 0.00025
LCVX_N_15_.1_3 644 8 7 - 9 10 10 0.00073 0.00057  0.00442 0.00107  0.00052 0.00026
LOVX_N_15_14 644 9 7 - 9 9 9 0.00078 0.00062  0.00472 0.00109  0.00049 0.00023
LCVX_N_15_1.5 644 10 7 - 10 9 9 0.00084 0.00060 0.00446 0.00115  0.00049 0.00023
LCVX_N_15_1_6 644 7 7 - 9 10 10 0.00068 0.00058 0.00417 0.00109  0.00053 0.00025
LCVX_N_15.1.7 644 9 7 - 9 10 10 0.00078 0.00060 0.00450 0.00108  0.00053 0.00025
LCVX_N_15_1_8 644 8 7 - 10 9 9 0.00074 0.00059 0.00444 0.00115  0.00048 0.00023
LCVX_N_15.1.9 644 8 7 - 9 10 10 0.00073 0.00057  0.00458 0.00109  0.00053 0.00025
LCVX_N_15_.1_10 644 8 7 - 9 9 9 0.00072 0.00060 0.00441 0.00109  0.00049 0.00023
LCVX_N_15.1_11 644 7 7 - 9 9 9 0.00067 0.00059 0.00413 0.00104 0.00049 0.00023
LCVX_N_15_.1_12 644 9 7 - 9 10 10 0.00087 0.00058 0.00439 0.00109 0.00054 0.00026
LCOVX_N_15_1_13 644 7 7 - 9 9 9 0.00069 0.00060 0.00426 0.00107  0.00050 0.00023
LCVX_N_15.1_14 644 8 7 - 9 10 10 0.00074 0.00058 0.00441 0.00109  0.00054 0.00025
LCVX_N_15_1_15 644 8 7 - 10 10 10 0.00080 0.00059 0.00453 0.00117  0.00054 0.00026
LCVX_N_15.1_16 644 7 7 - 9 9 9 0.00066 0.00058 0.00415 0.00108 0.00049 0.00023
LCVX_N_15_1_17 644 8 7 - 9 10 10 0.00072 0.00060 0.00455 0.00108 0.00054 0.00025
LCVX_N_151_18 644 8 7 - 9 9 9 0.00073 0.00061  0.00441 0.00110  0.00050 0.00023
LCVX_N_15_.1_19 644 9 7 - 9 10 10 0.00079 0.00060 0.00462 0.00108  0.00053 0.00025
LCVX_N_50_1_0 2114 9 8 - 13 10 10 0.00282 0.00210 0.01095 0.00445 0.00169 0.00091
LCVX_N_50_1_1 2114 9 7 - 16 10 10 0.00266 0.00183 0.01104 0.00504 0.00171 0.00091
LCVX_N_50_1_2 2114 9 7 - 15 10 10 0.00269 0.00190 0.01103 0.00486  0.00170 0.00092
LCVX_N_50_1_3 2114 10 9 - 16 10 10 0.00298 0.00238 0.01180 0.00504  0.00170 0.00091
LCVX_N_50_1_4 2114 8 7 - 15 10 10 0.00248 0.00185 0.01045 0.00484 0.00170 0.00092
LCVX_N_50_1_5 2114 8 7 - 13 10 10 0.00246 0.00187  0.00975 0.00448 0.00169 0.00091
LCVX_N_50_1_6 2114 9 7 - 16 10 10 0.00268 0.00186  0.01130 0.00502  0.00171 0.00091
LOVX_N_50_1_7 2114 8 8 - 13 10 10 0.00247 0.00224  0.01052 0.00445 0.00171 0.00091
LCVX_N_50_1_8 2114 10 8 - 16 10 10 0.00281 0.00218 0.01099 0.00502 0.00169 0.00090
LCVX_N_50_1_9 2114 10 8 - 16 10 10 0.00284 0.00220 0.01120 0.00504 0.00168 0.00093
LCVX_N_50_1_10 2114 10 8 - 16 10 10 0.00283 0.00219 0.01113 0.00502 0.00171 0.00092
LCVX_N_50_1_11 2114 10 8 - 15 10 10 0.00298 0.00209 0.01104 0.00487  0.00170 0.00090
LCOVX_N_50_1_12 2114 9 7 - 15 10 10 0.00262 0.00187  0.01087  0.00487  0.00172 0.00092
LCVX_N_50_1_13 2114 9 8 - 14 10 10 0.00280 0.00205 0.01061 0.00464 0.00170 0.00091
LOVX_N_50_1_14 2114 10 7 - 16 10 10 0.00282 0.00186 0.01116  0.00506  0.00169 0.00091
LCVX_N_50_1_15 2114 9 8 - 15 10 10 0.00263 0.00215 0.01134 0.00482  0.00173 0.00090
LCVX_N_50_1-16 2114 9 7 - 15 10 10 0.00267 0.00188 0.01109 0.00485 0.00172 0.00089
LCVX_N_50_1_17 2114 10 9 - 16 10 10 0.00298 0.00240 0.01185 0.00501  0.00169 0.00091
LCVX-N_50_1_18 2114 9 8 - 13 10 10 0.00267 0.00211  0.01076  0.00447  0.00172 0.00090
LCVX_N_50_1_19 2114 12 9 - 17 10 10 0.00335 0.00235 0.01167 0.00525 0.00168 0.00091
LCVX_N_75_1_0 3164 10 8 - 16 10 10 0.00423 0.00324 0.01509 0.00753  0.00247 0.00141
LCVX_N_75.1_1 3164 10 9 - 17 10 10 0.00441 0.00350 0.01635 0.00782  0.00248 0.00142
LCVX_N_75_.1_2 3164 10 8 - 15 10 10 0.00447 0.00309 0.01605 0.00729  0.00249 0.00145
LCVX-N_75.1_3 3164 8 8 - 15 10 10 0.00371 0.00332 0.01549 0.00725 0.00249 0.00141
LCVX_N_75_1.4 3164 10 9 - 17 10 10 0.00442 0.00351  0.01552  0.00779  0.00250 0.00145
LCVX_N_75_1_5 3164 9 8 - 16 10 10 0.00396 0.00327 0.01546 0.00753  0.00250 0.00143
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Table 5: Iterations and solver runtimes for lossless convexification problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
LCVX_N_75_1_6 3164 8 8 - 12 10 10 0.00365 0.00323 0.01358 0.00646  0.00249 0.00141
LCVX_N_75_1.7 3164 11 9 - 17 10 10 0.00471 0.00349 0.01546  0.00779  0.00251 0.00143
LCVX_N_75.1.8 3164 10 8 - 15 10 10 0.00446 0.00310 0.01592 0.00723  0.00249 0.00142
LCVX_N_75.1.9 3164 11 9 - 17 10 10 0.00474 0.00348 0.01640 0.00778  0.00252 0.00136
LCVX-N_75.1_10 3164 10 8 - 16 10 10 0.00419 0.00322 0.01604 0.00751  0.00250 0.00142
LCVX_N_75.1_11 3164 8 8 - 16 10 10 0.00366 0.00315 0.01535 0.00751  0.00247 0.00141
LCVX_N_75.1_12 3164 11 9 - 17 10 10 0.00479 0.00350 0.01714 0.00779  0.00248 0.00141
LCVX_N_75.1_13 3164 9 8 - 13 10 10 0.00421 0.00300 0.01504 0.00671  0.00248 0.00141
LCVX_N_75.1_14 3164 10 9 - 17 10 10 0.00455 0.00353 0.01655 0.00779  0.00248 0.00140
LCVX_N_75.1_15 3164 10 9 - 16 10 10 0.00442 0.00352 0.01661 0.00752  0.00250 0.00147
LCVX_N_75_1_16 3164 10 8 - 16 10 10 0.00447 0.00308 0.01539 0.00752  0.00250 0.00142
LCVX_N_75.1_17 3164 11 9 - 17 10 10 0.00473 0.00352 0.01640 0.00779  0.00251 0.00142
LCVX_N_75.1_18 3164 10 8 - 17 10 10 0.00419 0.00326  0.01578 0.00779  0.00248 0.00141
LCVX_N_75_1_19 3164 9 8 - 16 10 10 0.00384 0.00309 0.01508 0.00753 0.00261 0.00141
LCVX_N_100.1_0 4214 9 8 - 16 10 10 0.00550 0.00424 0.01873 0.00996 0.00341 0.00200
LCVX-N_100.1_1 4214 10 9 - 16 10 10 0.00612 0.00462 0.01938 0.01000 0.00336 0.00196
LCVX_N_1001_2 4214 12 9 - 17 11 11 0.00680 0.00450 0.02016 0.01029  0.00365 0.00214
LCVX_N_1001-3 4214 10 9 - 15 10 10 0.00618 0.00471  0.01943 0.01001 0.00344 0.00190
LOVX_N_1001_4 4214 8 8 - 15 10 10 0.00454 0.00416  0.01976  0.00965  0.00335 0.00195
LCVX_N_100_1_5 4214 11 9 - 17 10 10 0.00655 0.00469 0.01987 0.01032  0.00338 0.00195
LCVX_-N_100.1-6 4214 10 9 - 16 10 10 0.00596 0.00461 0.01895 0.01004 0.00337 0.00198
LCVX_N_1001_7 4214 11 9 - 18 11 11 0.00625 0.00447  0.01985 0.01070  0.00365 0.00210
LCVX-N_100.1-8 4214 9 8 - 15 10 10 0.00530 0.00422 0.01903 0.01003  0.00333 0.00195
LCVX_N_100.1.9 4214 9 8 - 16 10 10 0.00495 0.00414 0.01832 0.00998  0.00339 0.00198
LCVX_N_100.1-10 4214 10 8 - 16 10 10 0.00580 0.00405 0.01931 0.01000 0.00335 0.00196
LOVX_N_1001_11 4214 10 8 - 16 10 10 0.00579 0.00397  0.02012 0.00996  0.00346 0.00205
LCVX_N_100.1_12 4214 10 9 - 17 10 10 0.00606 0.00464 0.01984 0.01033  0.00337 0.00194
LCVX_N_1001_13 4214 10 9 - 18 11 11 0.00593 0.00445 0.01944 0.01071  0.00366 0.00215
LCVX_N_100.1_14 4214 11 9 - 17 11 11 0.00628 0.00446  0.02044 0.01027  0.00366 0.00211
LCVX_N_100.1_15 4214 10 9 - 17 10 10 0.00579 0.00468 0.01965 0.01036  0.00340 0.00201
LCVX_N_1001_16 4214 10 8 - 17 10 10 0.00582 0.00421  0.02082 0.01032  0.00333 0.00197
LCVX_N_100.1_17 4214 12 9 - 17 10 10 0.00682 0.00464 0.01991 0.01035 0.00343 0.00197
LCVX_N_1001_18 4214 10 8 - 18 10 10 0.00577 0.00422 0.01906 0.01075 0.00337 0.00192
LCVX_N_100.1_19 4214 11 9 - 17 10 10 0.00662 0.00464 0.02034 0.01031  0.00339 0.00194
LOVX_N_1251.0 5264 11 9 - 18 11 11 0.00777 0.00565 0.02290 0.01312  0.00445 0.00273
LCVX_N_125.1_1 5264 11 9 - 17 10 10 0.00765 0.00577  0.02467 0.01285  0.00417 0.00236
LOVX_N_125.1.2 5264 10 9 - 18 10 10 0.00760 0.00562 0.02316 0.01321  0.00415 0.00242
LCVX_N_1251.3 5264 11 9 - 17 10 10 0.00762 0.00579  0.02365 0.01275 0.00418 0.00240
LCVX_N_125_1.4 5264 9 8 - 15 10 10 0.00653 0.00504 0.02218 0.01198  0.00422 0.00239
LCVX_N_1251.5 5264 11 9 - 18 10 10 0.00807 0.00563  0.02226  0.01319  0.00417 0.00239
LCVX_N_125_1_6 5264 11 9 - 16 10 10 0.00767 0.00584 0.02496 0.01285  0.00425 0.00245
LCVX_N_1251.7 5264 11 8 - 18 10 10 0.00750 0.00525 0.02348 0.01317 0.00415 0.00244
LCVX_N_1251.8 5264 9 8 - 16 10 10 0.00606 0.00519  0.02307 0.01232  0.00418 0.00238
LCVX-N_125.19 5264 10 9 - 15 10 10 0.00779 0.00588 0.02401 0.01235 0.00415 0.00241
LCVX_N_1251_10 5264 9 8 - 17 10 10 0.00613 0.00523  0.02227 0.01273  0.00413 0.00240
LOVX_N_125.1_11 5264 8 8 - 13 10 10 0.00577 0.00520 0.02197 0.01101  0.00413 0.00246




1%

Table 5: Iterations and solver runtimes for lossless convexification problems

Iterations Solver Runtime (s)

Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
LCVX_N_1251.12 5264 9 8 - 15 10 10 0.00727 0.00507  0.02199 0.01193 0.00418 0.00241
LCVX_N_1251_13 5264 11 8 - 18 10 10 0.00708 0.00529  0.02405 0.01320 0.00408 0.00245
LOVX_N_1251_14 5264 9 8 - 18 10 10 0.00612 0.00515 0.02389 0.01320 0.00415 0.00238
LCVX_N_125_1_15 5264 11 9 - 18 10 10 0.00801 0.00569  0.02199 0.01310 0.00414 0.00238
LOVX_N_125.1_16 5264 11 9 - 17 10 10 0.00773 0.00589  0.02420 0.01281  0.00416 0.00243
LCVX_N_1251_17 5264 11 9 - 17 11 11 0.00797 0.00561  0.02357 0.01277  0.00454 0.00263
LCVX_N_1251_18 5264 11 9 - 18 10 10 0.00804 0.00554 0.02353 0.01319  0.00417 0.00238
LCVX_N_1251_19 5264 11 9 - 17 10 10 0.00829 0.00588 0.02513 0.01278  0.00413 0.00238
LCVX-N_150_1_0 6314 10 8 - 19 10 - 0.00803 0.00623 0.02961 0.01603 = 0.00504 -
LOVX_N_1501_1 6314 11 9 - 18 11 - 0.00992 0.00671  0.02842 0.01561 & 0.00542 -
LCVX_N_150.1_2 6314 9 8 - 15 10 - 0.00822 0.00598  0.02509 0.01408 & 0.00498 -
LCVX_N_150.1.3 6314 10 9 - 16 10 - 0.00937 0.00697  0.02804 0.01450 & 0.00513 -
LCVX_N_150.14 6314 9 8 - 15 10 - 0.00835 0.00600 0.02466  0.01403 & 0.00505 -
LCVX_N_150.1_5 6314 11 10 - 17 11 - 0.00955 0.00737 0.02743 0.01504 = 0.00544 -
LCVX_N_150_1_6 6314 8 8 - 13 10 - 0.00682 0.00627 0.02362 0.01299 = 0.00504 -
LCVX_N_150.1_7 6314 9 8 - 17 10 - 0.00737 0.00600 0.02651 0.01505 | 0.00503 -
LCVX_N_150.1.8 6314 11 9 - 17 10 - 0.00936 0.00723  0.02915 0.01502 & 0.00526 -
LCVX_N_150.1-9 6314 12 11 - 20 11 - 0.01045 0.00825 0.02870 0.01658 = 0.00561 -
LCOVX_N_1501_10 6314 11 9 - 18 10 - 0.00950 0.00699  0.02729  0.01550 & 0.00506 -
LCVX_N_150.1_11 6314 10 8 - 16 10 - 0.00888 0.00601  0.02707 0.01451 = 0.00507 -
LCVX_N_150.1_-12 6314 10 8 - 16 10 - 0.00899 0.00605 0.02689  0.01458 = 0.00507 -
LCVX_N_150.1_13 6314 12 9 - 18 11 - 0.01040 0.00675  0.02879  0.01552 = 0.00547 -
LCVX_N_150.1_14 6314 9 8 - 15 10 - 0.00795 0.00596  0.02549 0.01397 = 0.00506 -
LCVX_N_150.1_15 6314 10 8 - 17 10 - 0.00881 0.00600 0.02704 0.01508 & 0.00508 -
LCVX_N_150.1_16 6314 11 9 - 18 10 - 0.00982 0.00678  0.02729 0.01558 = 0.00507 -
LCVX_N_1501_17 6314 9 8 - 18 10 - 0.00799 0.00606 0.02714 0.01560 & 0.00505 -
LCVX_N_150.1_18 6314 9 8 - 17 10 - 0.00740 0.00613  0.02876  0.01510 ' 0.00520 -
LCVX_N_1501_19 6314 11 9 - 17 10 - 0.00956 0.00722  0.02700 0.01508 ' 0.00503 -
LCVX_N_200.1_0 8414 10 9 - 17 11 - 0.01181 0.00899 0.03711 0.02025 & 0.00735 -
LCVX-N_200.1_1 8414 10 9 - 17 11 - 0.01206 0.00902 0.03977 0.02033 ' 0.00738 -
LCVX_N_200.1_2 8414 9 9 - 15 11 B 0.01093 0.00935 0.03452 0.01897 = 0.00721 -
LCVX_N_200.1_-3 8414 12 9 - 18 11 - 0.01347 0.00911  0.03906 0.02090 = 0.00734 -
LCVX_N_2001_4 8414 12 9 - 17 11 - 0.01426 0.00914  0.03792 0.02017 & 0.00733 -
LCVX_N_200_1_5 8414 11 9 - 17 10 - 0.01247 0.00955 0.03944 0.02029 = 0.00674 -
LCOVX_N_200.1_6 8414 11 8 - 17 10 - 0.01161 0.00814  0.03592  0.02027 & 0.00672 -
LCVX_N_200.1_7 8414 11 9 - 18 11 - 0.01345 0.00907 0.03841 0.02110 & 0.00722 -
LCVX_-N_200.1-8 8414 10 8 - 17 10 - 0.01160 0.00820 0.03577 0.02033 = 0.00677 -
LCVX_N_200.1_9 8414 9 8 - 17 10 - 0.01001 0.00822 0.03583 0.02019 & 0.00668 -
LCVX-N_200.1-10 8414 11 12 - 18 11 - 0.01301 0.01216  0.03920 0.02107 = 0.00734 -
LCVX_N_200.1_11 8414 9 8 - 16 10 - 0.01107 0.00824 0.03434 0.01956 & 0.00672 -
LCVX_N_200.1-12 8414 10 8 - 16 10 - 0.01063 0.00807 0.03451  0.01957 & 0.00675 -
LCOVX_N_200.1_13 8414 10 8 - 17 10 - 0.01078 0.00811  0.03646  0.02030 & 0.00678 -
LCVX_N_200.1_14 8414 11 11 - 18 11 - 0.01295 0.01127  0.03857  0.02098 ' 0.00729 -
LCVX_-N_200.1-15 8414 11 9 - 18 10 - 0.01246 0.00952  0.03749 0.02083 = 0.00690 -
LCVX_N_200.1_16 8414 9 8 - 18 10 - 0.01008 0.00839 0.03665 0.02101 & 0.00669 -
LCVX_-N_200.1_17 8414 12 9 - 18 11 - 0.01344 0.00907 0.03711 0.02103 & 0.00728 -
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Table 5: Iterations and solver runtimes for lossless convexification problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
LCVX_N_200.1_18 8414 9 8 - 14 10 - 0.01000 0.00806  0.03299 0.01820 & 0.00669 -
LCVX_N_200.1-19 8414 12 10 - 17 11 - 0.01413 0.01004 0.03575 0.02032 = 0.00730 -
LCOVX_N_2501.0 10514 10 9 - 11 11 - 0.01406 0.01104 0.05053 0.01684 = 0.00924 -
LCVX_N_250_1_1 10514 11 10 - 12 11 - 0.01524 0.01236  0.05496 0.01762 & 0.00913 -
LCOVX_-N_250.1_2 10514 11 9 - 12 11 - 0.01541 0.01128 0.05248 0.01766 & 0.00915 -
LCVX_N_250.1_3 10514 9 8 - 11 10 - 0.01237 0.01002 0.04312 0.01670 & 0.00848 -
LCVX_N_250.1.4 10514 10 8 - 11 10 - 0.01348 0.00992 0.04709 0.01676 = 0.00847 -
LCVX_N_250.1_5 10514 11 8 - 12 10 - 0.01450 0.01018 0.04506 0.01763 & 0.00902 -
LCVX_N_250_1_6 10514 9 8 - 11 10 - 0.01251 0.01000 0.04508 0.01683 = 0.00844 -
LOVX_N_2501_7 10514 11 8 - 11 10 - 0.01454 0.01008 0.04595 0.01692 = 0.00840 -
LCVX_N_250.1_8 10514 12 12 - 12 11 - 0.01624 0.01454 0.05261 0.01774 = 0.00911 -
LCVX_N_250.1.9 10514 9 8 - 11 10 - 0.01245 0.01014  0.04380 0.01679 = 0.00844 -
LCVX_N_250_1_10 10514 12 9 - 12 10 - 0.01566 0.01161  0.04630 0.01759 & 0.00843 -
LCOVX_N_2501-11 10514 11 9 - 11 10 - 0.01453 0.01193 0.04860 0.01690 ' 0.00836 -
LCoVX_N_2501.12 10514 12 9 - 12 11 - 0.01674 0.01127  0.05007 0.01760 & 0.00929 -
LCVX_N_250_1_13 10514 11 8 - 11 10 - 0.01452 0.01019 0.04785 0.01683 & 0.00843 -
LOovX_N_2501.14 10514 10 9 - 11 11 - 0.01442 0.01137  0.05002 0.01687 ' 0.00919 -
LCVX_N_2501_15 10514 9 8 - 11 10 - 0.01243 0.01009 0.04669 0.01690 & 0.00848 -
LCVX_N_2501.16 10514 10 8 - 10 10 - 0.01351 0.01007 0.04663 0.01604 & 0.00848 -
LCVX_N_250_1_17 10514 10 8 - 11 10 - 0.01347 0.01012  0.04441 0.01690 & 0.00842 -
LOVX_N_2501.18 10514 13 9 - 12 11 - 0.01775 0.01133  0.05219 0.01766 & 0.00908 -
LCVX_N_2501_19 10514 10 9 - 11 10 - 0.01341 0.01172  0.05027 0.01685 & 0.00841 -
LCVX-N_300.1_0 12614 11 11 - 12 11 - 0.01898 0.01659 0.06157 0.02122 = 0.01100 -
LCVX_N_300.1_1 12614 11 9 - 12 10 - 0.01757 0.01430 0.05777 0.02123 & 0.01015 -
LCVX_N_300.1-2 12614 10 11 - 12 11 - 0.01742 0.01652 0.05705 0.02147 = 0.01101 -
LOVX_N_3001_3 12614 12 10 - 13 12 - 0.01939 0.01514  0.05686  0.02239 & 0.01189 -
LCVX_N_300.14 12614 10 8 - 12 10 - 0.01617 0.01223  0.05519 0.02120 & 0.01002 -
LCVX_N_300.1.5 12614 12 10 - 13 11 - 0.01980 0.01521  0.06007 0.02236 & 0.01102 -
LCVX_N_300.1_6 12614 10 8 - 11 10 - 0.01609 0.01220 0.05390 0.02013 & 0.01013 -
LCVX_N_300.1_7 12614 9 8 - 11 10 - 0.01491 0.01226  0.05744 0.02019 & 0.01013 -
LCVX_N_300.1.8 12614 10 9 - 11 11 B 0.01631 0.01384  0.05907 0.02027 & 0.01105 -
LCVX_-N_300.1-9 12614 11 9 - 12 11 - 0.01744 0.01359 0.05865 0.02138 & 0.01101 -
LCVX_N_3001_.10 12614 13 10 - 13 11 - 0.02084 0.01507  0.05715 0.02225 | 0.01098 -
LCVX_N_300_1_11 12614 10 9 - 11 11 - 0.01641 0.01386  0.05330 0.02026 & 0.01103 -
LOVX_N_3001_12 12614 11 9 - 12 11 - 0.01768 0.01376  0.05674 0.02117 = 0.01097 -
LCVX_N_300.1_13 12614 9 9 - 11 11 - 0.01500 0.01384 0.05338 0.02027 & 0.01108 -
LCOVX_N_3001-14 12614 10 9 - 12 10 - 0.01625 0.01423 0.05383 0.02125 & 0.01011 -
LCVvX_N_300.1_15 12614 11 8 - 11 10 - 0.01745 0.01226  0.05440 0.02019 = 0.01017 -
LCVX_N_300_1_-16 12614 9 8 - 11 10 - 0.01497 0.01204 0.05560 0.02032 ' 0.01035 -
LCVX_N_3001_.17 12614 10 8 - 12 10 - 0.01610 0.01207 0.05475 0.02112 & 0.01015 -
LCVX_N_3001_.18 12614 9 8 - 11 10 - 0.01488 0.01205 0.05439 0.02027 = 0.01017 -
LOVX_N_3001_.19 12614 10 10 - 11 11 - 0.01721 0.01514  0.05864 0.02016 = 0.01100 -
LCVX_N_350.1_0 14714 9 9 - 12 11 - 0.01761 0.01590 0.06407 0.02445 & 0.01288 -
LCOVX_-N_350.1_-1 14714 11 10 - 12 11 - 0.02119 0.01799  0.06574 0.02439 = 0.01290 -
LCVX_N_350.1_2 14714 11 9 - 12 11 - 0.02053 0.01606  0.06838 0.02432 = 0.01327 -
LCVX_-N_350.1-3 14714 10 8 - 12 10 - 0.01901 0.01428 0.06508 0.02446 = 0.01181 -
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Table 5: Iterations and solver runtimes for lossless convexification problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
LCVX_N_350.1.4 14714 9 8 - 11 10 - 0.01757 0.01428 0.06324 0.02319 & 0.01181 -
LCVX_N_350_1_5 14714 11 9 - 12 11 - 0.02034 0.01593 0.06593 0.02441 = 0.01277 -
LCVX_N_350_1_6 14714 10 10 - 11 11 - 0.01905 0.01783  0.06727 0.02322 & 0.01285 -
LCVX_N_350.1_7 14714 11 9 - 12 11 - 0.02053 0.01591  0.06480 0.02435 = 0.01284 -
LCVX-N_350.1_8 14714 10 8 - 12 10 - 0.01895 0.01422  0.06198 0.02463 & 0.01183 -
LCVX_N_350.1_9 14714 11 9 - 12 11 - 0.02035 0.01588  0.06730 0.02448 & 0.01286 -
LCVX_N_350_1_10 14714 9 8 - 11 11 - 0.01758 0.01444 0.06150 0.02327 = 0.01288 -
LOVX_N_3501_11 14714 12 10 - 13 12 - 0.02271 0.01792  0.06807 0.02549 = 0.01384 -
LCVX_N_350_1_12 14714 12 10 - 13 12 - 0.02284 0.01772  0.06639  0.02558 | 0.01382 -
LCVX_N_350.1_13 14714 11 10 - 13 11 - 0.02159 0.01788  0.06887 0.02561 = 0.01290 -
LCVX_N_350_1_14 14714 10 11 - 11 11 - 0.02021 0.01889 0.06600 0.02322 & 0.01288 -
LOVX_N_3501_15 14714 11 9 - 12 11 - 0.02037 0.01601  0.06846  0.02443 & 0.01286 -
LCVX_N_350_1_16 14714 11 9 - 12 11 - 0.02056 0.01593 0.06633 0.02416 & 0.01288 -
LOVX_N_3501_17 14714 8 8 - 11 10 - 0.01600 0.01423 0.06098 0.02317 = 0.01178 -
LCVX_N_350.1_18 14714 9 11 - 11 11 - 0.01766 0.01929 0.06235 0.02325 | 0.01283 -
LCVX_N_350_1_19 14714 10 8 - 12 10 - 0.01902 0.01435 0.06182 0.02450 = 0.01180 -
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Table 6: Iterations and solver runtimes for group lasso problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO-CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
GROUP_LASSO_N_1_1.0 761 4 11 - 4 6 6 0.00025 0.00111  0.00564 0.00047  0.00020 0.00007
GROUP_LASSO_N_1_1_1 761 4 11 - 5 6 6 0.00027 0.00109  0.00580  0.00049  0.00020 0.00007
GROUP_LASSO_N_1_1.2 761 4 10 - 5 6 6 0.00027 0.00098  0.00597 0.00049  0.00021 0.00007
GROUP_LASSO_N_1.1_3 761 4 12 - 5 6 6 0.00027 0.00122  0.00577  0.00050  0.00020 0.00007
GROUP_LASSO_N_1_1.4 761 4 11 - 5 6 § 0.00027 0.00110 0.00545 0.00050  0.00020 0.00007
GROUP_LASSO_N_1_1_5 761 4 11 - 5 6 6 0.00026 0.00113  0.00610  0.00048  0.00020 0.00007
GROUP_LASSO_N_1_1_6 761 4 11 - 5 6 6 0.00027 0.00109 0.00588 0.00049  0.00022 0.00006
GROUP_LASSO_N_1.1.7 761 5 10 - ) 6 6 0.00030 0.00099 0.00549 0.00049 0.00021 0.00007
GROUP_LASSO_N_1.1_8 761 4 12 - 5 6 6 0.00026 0.00115 0.00552 0.00051  0.00020 0.00006
GROUP_LASSO_N_1.1.9 761 5 10 - ) 6 6 0.00030 0.00098 0.00571 0.00048  0.00021 0.00007
GROUP_LASSO_N_1_1_10 761 4 9 - 5 6 6 0.00027 0.00091  0.00631  0.00050 0.00020 0.00007
GROUP_LASSO_N_1_1_11 761 4 11 - 4 6 6 0.00027 0.00112  0.00654  0.00047  0.00021 0.00007
GROUP_LASSO_N_1_1_12 761 5 9 - ) 6 6 0.00030 0.00090 0.00634 0.00050  0.00021 0.00006
GROUP_LASSO_N_1_1_13 761 4 11 - 5 6 6 0.00026 0.00108 0.00587 0.00049  0.00020 0.00006
GROUP_LASSO_N_1_1_14 761 4 12 - 5 6 6 0.00026 0.00116  0.00571  0.00049  0.00020 0.00007
GROUP_LASSO_N_1_1_15 761 4 12 - 5 6 6 0.00027 0.00109  0.00592 0.00049  0.00020 0.00006
GROUP_LASSO_N_1_1_16 761 4 11 - 5 6 6 0.00027 0.00107  0.00588  0.00049  0.00020 0.00007
GROUP_LASSO_N_1.1_17 761 4 12 - 5 6 6 0.00027 0.00121  0.00575  0.00050  0.00020 0.00007
GROUP_LASSO_N_1_1_18 761 5 11 - 5) 6 § 0.00030 0.00111  0.00571  0.00050  0.00020 0.00006
GROUP_LASSO_N_1_1_19 761 5 10 - 4 6 6 0.00030 0.00098 0.00601  0.00047  0.00020 0.00006
GROUP_LASSO_-N_2_1.0 2022 6 11 - 7 7 7 0.00082 0.00257  0.03673  0.00107  0.00057 0.00021
GROUP_LASSO_N_2_1_1 2022 7 11 - 7 7 7 0.00088 0.00254  0.03584 0.00108  0.00056 0.00020
GROUP_LASSO_N_2_1_2 2022 5 11 - 7 7 7 0.00074 0.00260 0.03842 0.00111  0.00057 0.00020
GROUP_LASSO_N_2.1.3 2022 7 12 - 7 8 8 0.00090 0.00278  0.04030 0.00108  0.00062 0.00023
GROUP_LASSO_N_2_1.4 2022 6 11 - 7 7 7 0.00081 0.00254 0.03843 0.00109  0.00059 0.00021
GROUP_LASSO_N_2_1.5 2022 7 11 - 8 8 8 0.00089 0.00249 0.03584 0.00112  0.00061 0.00023
GROUP_LASSO_N_2_1_6 2022 6 11 - 7 7 7 0.00082 0.00256  0.03675 0.00109  0.00057 0.00021
GROUP_LASSO_N_2_1.7 2022 6 10 - 7 7 7 0.00081 0.00239  0.03766  0.00107  0.00062 0.00020
GROUP_LASSO_N_2_1_8 2022 6 10 - 7 7 7 0.00082 0.00239 0.03624 0.00107  0.00058 0.00021
GROUP_LASSO_N_2_1_9 2022 6 11 - 7 7 7 0.00082 0.00241 0.05126  0.00109  0.00056 0.00020
GROUP_LASSO_N_2_1_10 2022 6 11 - 7 6 6 0.00084 0.00250 0.03732 0.00107  0.00059 0.00017
GROUP_LASSO_N_2_1_11 2022 7 11 - 7 7 7 0.00089 0.00242 0.03560 0.00106  0.00071 0.00020
GROUP_LASSO_N_2_1.12 2022 6 10 - 7 7 7 0.00081 0.00236  0.04354 0.00108 0.00057 0.00020
GROUP_LASSO_N_2_1_13 2022 7 13 - 7 7 7 0.00090 0.00305 0.03834 0.00109 0.00058 0.00021
GROUP_LASSO_N_2_1_14 2022 6 12 - 7 7 7 0.00082 0.00271  0.03596  0.00109  0.00058 0.00020
GROUP_LASSO_N_2_1_15 2022 6 11 - 7 7 7 0.00082 0.00249 0.03711 0.00108 0.00056 0.00020
GROUP_LASSO_-N_2_1_16 2022 6 11 - 7 7 7 0.00082 0.00256  0.03639 0.00108  0.00060 0.00020
GROUP_LASSO_N_2_1_17 2022 6 11 - 7 7 7 0.00082 0.00251  0.03742 0.00109  0.00061 0.00021
GROUP_LASSO_N_2_1_18 2022 7 11 - 7 7 7 0.00090 0.00249 0.04392 0.00109  0.00055 0.00021
GROUP_LASSO_N_2.1_19 2022 6 10 - 7 7 7 0.00082 0.00236  0.03721 0.00109 0.00056 0.00020
GROUP_LASSO_N_3_1_0 3783 7 12 - 8 8 8 0.00177 0.00642  0.08580 0.00233  0.00135 0.00041
GROUP_LASSO_N_3_1_1 3783 7 12 - 8 8 8 0.00180 0.00665 0.09602 0.00229 0.00138 0.00042
GROUP_LASSO_N_3_1_2 3783 6 11 - 7 7 7 0.00164 0.00624 0.05644 0.00218 0.00133 0.00037
GROUP_LASSO_-N_3_.1_3 3783 6 11 - 6 7 7 0.00166 0.00655  0.09255 0.00223 0.00130 0.00037
GROUP_LASSO_N_3.1.4 3783 7 12 - 7 8 8 0.00183 0.00650 0.09112 0.00219 0.00136 0.00042
GROUP_LASSO_N_3_1_5 3783 6 12 - 7 7 7 0.00166 0.00618 0.08814 0.00218 0.00125 0.00037
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Problem

Size

GROUP_LASSO_N_3_1_6
GROUP_LASSO_N_3_1_7
GROUP_LASSO_N_3.1_8
GROUP_LASSO_N_3_1_9
GROUP_LASSO_N_3_1_10
GROUP_LASSO_N_3_1_11
GROUP_LASSO_N_3_.1_12
GROUP_LASSO_N_3.1_13
GROUP_LASSO_N_3_.1_14
GROUP_LASSO_N_3_1_15
GROUP_LASSO_N_3_1_16
GROUP_LASSO_N_3.1_17
GROUP_LASSO_N_3_1_18
GROUP_LASSO_N_3_.1_19
GROUP_LASSO_N_4_1.0
GROUP_LASSO_N_4_1_1
GROUP_LASSO_N_4_1_2
GROUP_LASSO_N_4_1.3
GROUP_LASSO_N_4_1.4
GROUP_LASSO_N_4_1_5
GROUP_LASSO_N_4_1_6
GROUP_LASSO_N_4_1.7
GROUP_LASSO_-N_4_1_8
GROUP_LASSO_N_4.1.9
GROUP_LASSO_N_4_1_10
GROUP_LASSO_N_4.1_11
GROUP_LASSO_N_4_1_12
GROUP_LASSO_N_4.1.13
GROUP_LASSO_N_4_1_14
GROUP_LASSO_N_4_1_15
GROUP_LASSO_N_4_1_16
GROUP_LASSO_N_4_1_17
GROUP_LASSO_N_4_1_18
GROUP_LASSO_N_4_1_19
GROUP_LASSO_N_5_1_0
GROUP_LASSO_N_5_1_1
GROUP_LASSO_N_5_1_2
GROUP_LASSO_N_5_1_3
GROUP_LASSO_N_5_1_4
GROUP_LASSO_N_5_1_5
GROUP_LASSO_N_5_1_6
GROUP_LASSO_N_5_1.7
GROUP_LASSO_N_5_1_8
GROUP_LASSO_N_5_1_9
GROUP_LASSO_N_5_1_10
GROUP_LASSO_N_5_1_11

3783
3783
3783
3783
3783
3783
3783
3783
3783
3783
3783
3783
3783
3783
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
6044
8805
8805
8805
8805
8805
8805
8805
8805
8805
8805
8805
8805

Table 6: Iterations and solver runtimes for group lasso problems

CLARABEL

Iterations Solver Runtime (s)

ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO
12 - 0.00166 0.00679  0.09434 0.00219  0.00130
12 - 0.00179 0.00663  0.08940 0.00209 0.00136
12 - 0.00193 0.00672  0.09324 0.00204 0.00141
12 - 0.00179 0.00674 0.08115 0.00227  0.00129
12 - 0.00179 0.00644  0.08538 0.00194 0.00141
12 - 0.00207 0.00663  0.08846  0.00241 0.00138
12 - 0.00197  0.00664 0.09559  0.00238 0.00136
12 - 0.00183 0.00669  0.08609 0.00218  0.00130
12 - 0.00194 0.00646  0.05551  0.00227  0.00135
12 - 0.00195 0.00625 0.08523 0.00226  0.00143
12 - 0.00194 0.00618  0.05406  0.00218  0.00135
11 - 0.00179 0.00600 0.08719  0.00220  0.00127
12 - 0.00179 0.00651  0.08314 0.00234 0.00128
12 - 0.00182 0.00658  0.08637  0.00226  0.00133
11 - 0.00300 0.00908  0.05446  0.00337  0.00234
11 - 0.00297  0.00955 0.05064 0.00300 0.00221
11 - 8 8 8 0.00303 0.00940  0.04993 0.00319  0.00207
11 - 7 7 7 0.00282 0.00981  0.05742  0.00330 0.00219
10 - 7 7 7 0.00278 0.00832  0.06131  0.00313  0.00219
11 - 8 8 8 0.00303 0.00939 0.05877 0.00314 0.00232
11 - 9 9 0.00316 0.00966  0.05485 0.00325  0.00246
11 - 8 8 0.00307 0.00955  0.05600 0.00312  0.00230
12 - 0.00310 0.01008  0.05623  0.00344  0.00220
12 - 0.00319 0.01056  0.05563  0.00322  0.00231
12 - 0.00299 0.01032  0.06346  0.00307  0.00221
11 - 0.00299 0.00932  0.05491 0.00310  0.00218
12 - 0.00323 0.01024  0.05190 0.00378  0.00230
12 - 0.00319 0.01032  0.05939  0.00336  0.00233
11 - 0.00301 0.00938 0.05642  0.00331  0.00231
11 - 0.00298 0.00909  0.05730 0.00309 0.00218
12 - 0.00298 0.01051  0.05445 0.00311  0.00231
12 - 0.00300 0.01066  0.05494  0.00304  0.00219
12 - 0.00315 0.01057  0.04919 0.00324  0.00233
11 - 0.00299 0.00936  0.05176  0.00323  0.00230
12 - 0.00469 0.01341  0.08319 0.00421  0.00384
12 - 0.00470 0.01325 0.10216  0.00416  0.00379
12 - 0.00476 0.01535 0.08730 0.00363  0.00379
12 - 0.00485 0.01440 0.07491  0.00442  0.00378
12 - 0.00493 0.01482  0.08799  0.00419  0.00376
12 - 0.00504 0.01447  0.08363 0.00418  0.00378
13 - 10 9 9 0.00498 0.01613  0.10808  0.00407  0.00419
13 - 10 9 9 0.00500 0.01470  0.08271  0.00449  0.00397
12 - 8 8 8 0.00473 0.01473  0.09001 0.00415 0.00381
12 - 9 9 9 0.00499 0.01269  0.07729  0.00438  0.00396
12 - 9 0.00496 0.01467  0.08892  0.00432  0.00383
12 - 8 8 8 0.00476 0.01321  0.09225 0.00420  0.00383

QOCO-_CUSTOM
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Table 6: Iterations and solver runtimes for group lasso problems

Iterations Solver Runtime (s)

Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO-CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
GROUP_LASSO_N_5_1_12 8805 7 12 - 8 8 8 0.00463 0.01325 0.09461 0.00419  0.00390 0.00103
GROUP_LASSO_N_5_1_13 8805 7 12 - 8 8 8 0.00468 0.01545 0.08324 0.00420 0.00380 0.00102
GROUP_LASSO_N_5_1_14 8805 8 13 - 8 8 8 0.00505 0.01502 0.08284 0.00418 0.00384 0.00107
GROUP_LASSO_N_5_1_15 8805 6 11 - 8 7 7 0.00439 0.01318 0.11825 0.00425 0.00364 0.00092
GROUP_LASSO_N_5_1_16 8805 8 13 - 9 8 8 0.00503 0.01559  0.09084 0.00435 0.00376 0.00104
GROUP_LASSO_N_5_1_17 8805 7 12 - 7 8 8 0.00493 0.01263 0.08314 0.00426  0.00381 0.00105
GROUP_LASSO_N_5_1_18 8805 8 12 - 8 8 8 0.00500 0.01342  0.09374 0.00423 0.00381 0.00104
GROUP_LASSO_N_5_1_19 8805 7 12 - 8 8 8 0.00469 0.01493 0.08515 0.00421  0.00381 0.00106
GROUP_LASSO_N_8_1_0 20088 8 12 - 9 8 - 0.01510 0.03081 0.23046 & 0.00891 0.01268 -
GROUP_LASSO_N_8_1_1 20088 8 12 - 10 9 - 0.01562 0.03244  0.22238 ' 0.00864 0.01326 -
GROUP_LASSO_N_8_1_2 20088 8 11 - 9 8 - 0.01589 0.03120 0.25512 | 0.00829 0.01277 -
GROUP_LASSO_N_8_1_3 20088 8 12 - 9 9 - 0.01565 0.03183  0.25449 & 0.00827 0.01317 -
GROUP_LASSO_N_8_1.4 20088 8 13 - 9 9 - 0.01555 0.03495 0.24709 ' 0.00835 0.01317 -
GROUP_LASSO_-N_8_1_5 20088 8 12 - 10 9 - 0.01568 0.03265  0.24470 | 0.00763 0.01316 -
GROUP_LASSO_N_8_1_6 20088 7 11 - 9 8 - 0.01558 0.02985 0.23378 | 0.00829 0.01273 -
GROUP_LASSO_N_8_1_7 20088 8 12 - 9 8 - 0.01546 0.03117 0.24632 | 0.00847 0.01270 -
GROUP_LASSO_N_8.1_8 20088 8 13 - 10 9 - 0.01594 0.03331  0.24449 & 0.00891 0.01317 -
GROUP_LASSO_N_8_1_9 20088 8 12 - 10 8 - 0.01574 0.03230 0.24570 | 0.00866 0.01274 -
GROUP_LASSO_N_8_1_10 20088 8 12 - 10 8 - 0.01627 0.03130 0.25514 | 0.00867 0.01271 -
GROUP_LASSO_N_8_1_11 20088 8 12 - 9 8 - 0.01566 0.03195 0.24611 = 0.00844 0.01276 -
GROUP_LASSO_N_8_1_12 20088 7 11 - 9 8 - 0.01504 0.03068 0.22589 ' 0.00866 0.01274 -
GROUP_LASSO_N_8_1_13 20088 8 12 - 8 8 - 0.01627 0.03083 0.25352 | 0.00849 0.01269 -
GROUP_LASSO_N_8_1_14 20088 7 12 - 9 8 - 0.01506 0.03242  0.24988 ' 0.00830 0.01274 -
GROUP_LASSO_N_8_1_15 20088 8 12 - 10 8 - 0.01586 0.03222  0.28708 ' 0.00933 0.01270 -
GROUP_LASSO_N_8_1_16 20088 8 12 - 10 8 - 0.01544 0.03166  0.25367 | 0.00892 0.01281 -
GROUP_LASSO_N_8_1_17 20088 7 12 - 9 8 - 0.01509 0.03256  0.26745 | 0.00820 0.01271 -
GROUP_LASSO_N_8_1_18 20088 7 12 - 8 8 - 0.01508 0.03457  0.22807 ' 0.00801 0.01269 -
GROUP_LASSO_N_8_1_19 20088 8 11 - 9 8 - 0.01641 0.03025 0.24183 | 0.00822 0.01267 -
GROUP_LASSO_N_10_1_0 30110 8 12 - 10 8 - 0.02756 0.04259  0.42095 ' 0.01052 0.02289 -
GROUP_LASSO_N_10_1_1 30110 8 13 - 10 8 - 0.02695 0.04466  0.49732 | 0.01039 0.02288 -
GROUP_LASSO_N_10_1_2 30110 8 13 - 10 8 - 0.02863 0.04405 0.38538 | 0.01061 0.02286 -
GROUP_LASSO_N_10_1_3 30110 8 12 - 9 8 - 0.02738 0.04291  0.44772 | 0.01012 0.02288 -
GROUP_LASSO_N_10_1_4 30110 8 12 - 10 9 - 0.02784 0.04340 0.39140 ' 0.01026 0.02376 -
GROUP_LASSO_N_10_1_5 30110 8 12 - 10 8 - 0.02721 0.04283  0.44021 & 0.01029 0.02308 -
GROUP_LASSO_N_10_1_6 30110 8 13 - 11 9 - 0.02714 0.04510 0.38498 ' 0.01081 0.02469 -
GROUP_LASSO_N_10_1_7 30110 8 12 - 10 8 - 0.02728 0.03974 0.43310 ' 0.01084 0.02287 -
GROUP_LASSO_N_10_1_8 30110 8 12 - 9 8 - 0.02705 0.04384 0.46175 | 0.00990 0.02397 -
GROUP_LASSO_N_10_1_9 30110 7 12 - 9 8 - 0.02639 0.04041 0.47321 | 0.00964 0.02276 -
GROUP_LASSO_N_10_1_10 30110 8 13 - 10 9 - 0.02693 0.04484 0.38864 | 0.01007 0.02359 -
GROUP_LASSO_N_10_1_11 30110 7 12 - 8 8 - 0.02591 0.04340 0.40515 | 0.00960 0.02277 -
GROUP_LASSO_N_10_1_12 30110 8 12 - 9 8 - 0.02906 0.03989  0.39042 ' 0.00981 0.02378 -
GROUP_LASSO_N_10_1_13 30110 8 12 - 9 8 - 0.02754 0.04088 0.38960 ' 0.00992 0.02323 -
GROUP_LASSO_N_10_1.14 30110 8 12 - 10 8 - 0.02794 0.04135 0.47359 | 0.01084 0.02279 -
GROUP_LASSO_N_10_1-15 30110 8 13 - 10 8 - 0.02995 0.04443  0.45111 | 0.01077 0.02382 -
GROUP_LASSO_N_10_1.16 30110 8 12 - 9 8 - 0.02747 0.04256  0.45569 = 0.01025 0.02287 -
GROUP_LASSO_N_10_1_-17 30110 8 12 - 10 8 - 0.02945 0.04246  0.40807 | 0.01069 0.02267 -
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Table 6: Iterations and solver runtimes for group lasso problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO-CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
GROUP_LASSO_N_10_1_18 30110 8 12 - 9 8 - 0.02665 0.04161  0.40308 ' 0.01116 0.02278 -
GROUP_LASSO_N_10_1.19 30110 7 11 - 8 8 - 0.02629 0.03774 0.43661 | 0.00941 0.02381 -
GROUP_LASSO_N_12_1.0 42132 8 12 - 9 8 - 0.04325 0.05675 0.72594 | 0.01384 0.03507 -
GROUP_LASSO_N_12_1_1 42132 8 12 - 8 8 - 0.04418 0.05847  0.72517 | 0.01283  0.03495 -
GROUP_LASSO_N_12_1_2 42132 7 12 - 8 7 - 0.04241 0.05995 0.72523 | 0.01339 0.03310 -
GROUP_LASSO_N_12_1_3 42132 8 13 - 8 8 - 0.04294 0.06362 0.71941 ' 0.01290 0.03478 -
GROUP_LASSO_N_12_1.4 42132 8 12 - 8 9 - 0.04232 0.05920 0.80056 ' 0.01300 0.03589 -
GROUP_LASSO_N_12_1_5 42132 8 12 - 9 8 - 0.04281 0.05680 0.73030 ' 0.01386 0.03468 -
GROUP_LASSO_N_12_1_6 42132 8 12 - 8 8 - 0.04788 0.06034 0.65356 | 0.01307 0.03501 -
GROUP_LASSO_N_12_1.7 42132 8 12 - 8 8 - 0.04578 0.06083 0.67306 | 0.01335 0.03442 -
GROUP_LASSO_N_12_1_8 42132 8 12 - 8 8 - 0.04329 0.06219  0.66407 = 0.01339 0.03478 -
GROUP_LASSO_N_12_1_9 42132 8 12 - 8 8 - 0.04575 0.05707  0.72486 | 0.01280 0.03471 -
GROUP_LASSO_N_12_1.10 42132 8 12 - 8 8 - 0.04532 0.05731 0.64343 ' 0.01296 0.03480 -
GROUP_LASSO_N_12_1_.11 42132 8 12 - 8 8 - 0.04423 0.05731 0.58129 | 0.01348 0.03428 -
GROUP_LASSO_N_12_1.12 42132 8 12 - 8 8 - 0.04310 0.06025 0.68214 ' 0.01284 0.03404 -
GROUP_LASSO_N_12_1_.13 42132 8 12 - 8 8 - 0.04308 0.06026  0.80281 | 0.01309 0.03423 -
GROUP_LASSO_N_12_1.14 42132 8 12 - 8 8 - 0.04317 0.05748 0.69917 ' 0.01355 0.03446 -
GROUP_LASSO_N_12_1_15 42132 8 12 - 9 8 - 0.04401 0.05937 0.65879 | 0.01412 0.03489 -
GROUP_LASSO_N_12_1_.16 42132 8 12 - 8 8 - 0.04318 0.05796  0.73036 = 0.01336 0.03458 -
GROUP_LASSO_N_12_1_17 42132 8 12 - 8 8 - 0.04254 0.06040 0.66171 | 0.01297 0.03405 -
GROUP_LASSO_N_12_1_.18 42132 8 12 - 9 8 - 0.04516 0.06173  0.86410 ' 0.01419 0.03433 -
GROUP_LASSO_N_12_1.19 42132 8 12 - 8 8 - 0.04368 0.05717  0.72283 | 0.01353 0.03530 -
GROUP_LASSO_N_14_1_0 56154 7 11 - 8 8 - 0.06224 0.07874  1.23566 | 0.01759 0.04544 -
GROUP_LASSO_N_14_1_1 56154 8 12 - 8 8 - 0.06245 0.08160 0.96851 | 0.01818 0.04671 -
GROUP_LASSO_N_14_1_2 56154 8 12 - 9 8 - 0.06498 0.08289 0.97849 | 0.01848 0.04671 -
GROUP_LASSO_N_14_1_3 56154 8 12 - 8 8 - 0.06662 0.08547  1.17808 ' 0.01798 0.04580 -
GROUP_LASSO_N_14_1.4 56154 8 12 - 8 8 - 0.06497 0.08176  1.22698 = 0.01762 0.04588 -
GROUP_LASSO_N_14_1_5 56154 7 11 - 7 8 - 0.06280 0.07908 1.09989 | 0.01686 0.04782 -
GROUP_LASSO_N_14_1_6 56154 8 13 - 8 9 - 0.06354 0.08527  1.09452 | 0.01801 0.04769 -
GROUP_LASSO_N_14_1_7 56154 8 13 - 8 9 - 0.06345 0.08543 1.11042 | 0.01851 0.04802 -
GROUP_LASSO_N_14_1_8 56154 8 12 - 8 8 - 0.06339 0.08132  0.99903 ' 0.01885 0.04614 -
GROUP_LASSO_N_14_1_9 56154 7 11 - 8 8 - 0.06288 0.07812  1.26237 | 0.01756  0.04631 -
GROUP_LASSO_N_14_1.10 56154 7 11 - 8 8 - 0.06023 0.07890 1.10284 ' 0.01826 0.04638 -
GROUP_LASSO_N_14_1_.11 56154 8 12 - 8 8 - 0.06586 0.08050 0.99469 = 0.01772 0.04630 -
GROUP_LASSO_N_14_1_.12 56154 7 12 - 8 8 - 0.06166 0.08194 1.15584 | 0.01847 0.04567 -
GROUP_LASSO_N_14_1.13 56154 8 12 - 8 8 - 0.06373 0.08154 1.07342 | 0.02029 0.04599 -
GROUP_LASSO_N_14_1_14 56154 7 12 - 7 8 - 0.06258 0.08137 1.00195 | 0.01702 0.04789 -
GROUP_LASSO_N_14_1.15 56154 7 12 - 7 8 - 0.06407 0.08213 1.11372 | 0.01982 0.04643 -
GROUP_LASSO_N_14_1_16 56154 8 12 - 8 8 - 0.06230 0.08161  1.06719 | 0.01917 0.04592 -
GROUP_LASSO_N_14_1.17 56154 8 13 - 9 8 - 0.06332 0.08538 1.08016 ' 0.01906 0.04597 -
GROUP_LASSO_N_14_1_18 56154 7 12 - 8 8 - 0.06121 0.08230 0.97765 | 0.01952 0.04903 -
GROUP_LASSO_N_14_1_.19 56154 8 12 - 8 8 - 0.06337 0.08094 1.21798 | 0.01775 0.04637 -
GROUP_LASSO_N_16_1_0 72176 7 12 - 8 8 - 0.08818 0.10965 1.53172 | 0.02212 0.06506 -
GROUP_LASSO_N_16_1_1 72176 8 12 - 10 8 - 0.09073 0.11368 1.73110 ' 0.02489 0.06656 -
GROUP_LASSO_N_16_1_2 72176 7 13 - 8 8 - 0.08744 0.11966  1.39775 | 0.02242 0.06552 -
GROUP_LASSO_N_16_1_3 72176 7 12 - 8 8 - 0.08782 0.11273 1.61282 | 0.02303 0.06462 -
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Table 6: Iterations and solver runtimes for group lasso problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QO0CO QOCO_CUSTOM
GROUP_LASSO_N_16_1_4 72176 7 12 - 8 8 - 0.09297 0.11399 1.57281 | 0.02254 0.06636 -
GROUP_LASSO_N_16_1_5 72176 7 12 - 8 8 - 0.08922 0.11064 1.39139 | 0.02248 0.06505 -
GROUP_LASSO_N_16_1_6 72176 8 12 - 8 8 - 0.09090 0.11306  1.59569 | 0.02503 0.06585 -
GROUP_LASSO_N_16_1_7 72176 7 12 - 8 8 - 0.08715 0.11313  1.59741 | 0.02194 0.06630 -
GROUP_LASSO_N_16_1_8 72176 7 12 - 8 8 - 0.08660 0.10653  1.56979 = 0.02195 0.06473 -
GROUP_LASSO_N_16_1_9 72176 8 12 - 8 8 - 0.09179 0.11243  1.58186 | 0.02176 0.06512 -
GROUP_LASSO_N_16_1_10 72176 8 12 - 8 8 - 0.09056 0.11126  1.44625 & 0.02328 0.06416 -
GROUP_LASSO_N_16_1_11 72176 8 12 - 9 8 - 0.09036 0.11116  1.60883 | 0.02410 0.06535 -
GROUP_LASSO_N_16_1_12 72176 8 12 - 8 8 - 0.09242 0.11283 1.61328 | 0.02212 0.06555 -
GROUP_LASSO_N_16_1_13 72176 8 12 - 9 8 - 0.09120 0.11232  1.57203 | 0.02442 0.06505 -
GROUP_LASSO_N_16_1_14 72176 8 12 - 8 8 - 0.09242 0.11370  1.44119 | 0.02223 0.06555 -
GROUP_LASSO_N_16_1_15 72176 8 12 - 8 8 - 0.09026 0.11228  1.41785 | 0.02290 0.06527 -
GROUP_LASSO_N_16_1_16 72176 8 12 - 8 8 - 0.09227 0.11340  1.45983 | 0.02243 0.06665 -
GROUP_LASSO_N_16_1_17 72176 7 12 - 8 8 - 0.08756 0.11138  1.42790 & 0.02237 0.06617 -
GROUP_LASSO_N_16_1_18 72176 8 12 - 8 8 - 0.09079 0.11191  1.61307 & 0.02328 0.06484 -
GROUP_LASSO_N_16_1.19 72176 7 12 - 8 8 - 0.09151 0.11219  1.59887 | 0.02206 0.06481 -
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Table 7: Iterations and solver runtimes for portfolio optimization problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
PORTFOLIO_N_2_1_0 804 9 12 14 11 9 9 0.00041 0.00087  0.00205 0.00100 0.00025 0.00012
PORTFOLIO_N_2_1_1 804 9 14 13 11 8 8 0.00041 0.00096  0.00200 0.00101  0.00024 0.00010
PORTFOLIO_N_2_1_2 804 8 12 12 11 8 8 0.00038 0.00089  0.00204 0.00100 0.00024 0.00010
PORTFOLIO_N_2_1_3 804 8 15 16 11 8 8 0.00038 0.00110  0.00203 0.00101  0.00024 0.00011
PORTFOLIO_-N_2_1_4 804 9 14 15 9 8 8 0.00041 0.00099 0.00207 0.00092  0.00024 0.00011
PORTFOLIO_N_2_1_5 804 10 14 14 13 9 9 0.00046 0.00097  0.00203 0.00110 0.00026 0.00011
PORTFOLIO_-N_2_1_6 804 10 18 11 10 10 10 0.00045 0.00133  0.00198 0.00096  0.00028 0.00013
PORTFOLIO_N_2_1.7 804 8 10 11 9 7 7 0.00037 0.00078  0.00202 0.00091  0.00021 0.00009
PORTFOLIO_-N_2_1_8 804 9 17 13 9 9 9 0.00041 0.00134 0.00203 0.00091  0.00025 0.00011
PORTFOLIO_N_2_1_9 804 16 13 15 12 9 9 0.00064 0.00090 0.00203 0.00104 0.00026 0.00011
PORTFOLIO_N_2_1_10 804 10 13 17 13 10 10 0.00045 0.00089  0.00203 0.00110 0.00027 0.00013
PORTFOLIO_N_2_1_11 804 10 12 14 13 12 12 0.00045 0.00087  0.00205 0.00109  0.00031 0.00015
PORTFOLIO_N_2_1_12 804 10 11 15 11 10 10 0.00044 0.00084 0.00206 0.00101  0.00027 0.00013
PORTFOLIO_N_2_1_13 804 9 12 13 11 8 8 0.00041 0.00088 0.00202 0.00100 0.00023 0.00010
PORTFOLIO_N_2_1_14 804 9 14 14 11 9 9 0.00040 0.00101  0.00201 0.00103  0.00029 0.00011
PORTFOLIO_N_2_1_15 804 9 11 14 11 8 8 0.00041 0.00081 0.00204 0.00103  0.00023 0.00010
PORTFOLIO_N_2_1_16 804 10 14 12 10 8 8 0.00044 0.00101  0.00204 0.00095  0.00024 0.00011
PORTFOLIO_N_2_1_17 804 8 11 11 8 8 8 0.00038 0.00084 0.00198 0.00085  0.00024 0.00010
PORTFOLIO_N_2_1_18 804 9 13 12 11 9 9 0.00041 0.00097  0.00202 0.00102 0.00025 0.00011
PORTFOLIO_N_2_1_19 804 10 11 12 9 8 8 0.00045 0.00083  0.00203 0.00092  0.00023 0.00010
PORTFOLIO-N_4_1_0 2008 10 13 14 11 9 9 0.00110 0.00194  0.00230 0.00184  0.00056 0.00028
PORTFOLIO_N_4_1_1 2008 10 14 14 12 11 11 0.00109 0.00212  0.00231 0.00191  0.00062 0.00034
PORTFOLIO_N_4_1_2 2008 11 15 14 12 10 10 0.00116 0.00268 0.00232 0.00189  0.00059 0.00031
PORTFOLIO_N_4_1_3 2008 11 16 15 13 9 9 0.00116 0.00227  0.00230 0.00198  0.00055 0.00027
PORTFOLIO_N_4_1_4 2008 9 17 13 11 8 8 0.00100 0.00249 0.00229 0.00182  0.00049 0.00025
PORTFOLIO_N_4_1_5 2008 11 13 14 12 9 9 0.00117 0.00202  0.00230 0.00193  0.00057 0.00027
PORTFOLIO_N_4_1_6 2008 10 14 13 11 9 9 0.00106 0.00210 0.00226  0.00186  0.00055 0.00028
PORTFOLIO_N_4_1_7 2008 11 15 13 11 9 9 0.00112 0.00221  0.00228 0.00185  0.00057 0.00028
PORTFOLIO_N_4_1_8 2008 11 13 12 10 9 9 0.00113 0.00192  0.00227 0.00176  0.00055 0.00028
PORTFOLIO_-N_4_1_9 2008 11 16 14 13 10 10 0.00116 0.00245 0.00230 0.00200 0.00065 0.00030
PORTFOLIO_N_4_1_10 2008 11 18 16 14 10 10 0.00118 0.00256  0.00231  0.00209 0.00058 0.00031
PORTFOLIO_-N_4_1_11 2008 9 15 13 11 9 9 0.00099 0.00230 0.00228 0.00183  0.00059 0.00028
PORTFOLIO_N_4_1_12 2008 12 14 12 10 9 9 0.00122 0.00209  0.00227 0.00176  0.00056 0.00027
PORTFOLIO_N_4_1_13 2008 10 15 16 12 9 9 0.00106 0.00239 0.00231 0.00192 0.00054 0.00027
PORTFOLIO_N_4_1_14 2008 10 17 15 14 9 9 0.00108 0.00240 0.00231  0.00208  0.00055 0.00028
PORTFOLIO_N_4_1_15 2008 11 12 13 11 10 10 0.00114 0.00190 0.00226  0.00183  0.00059 0.00031
PORTFOLIO_-N_4_1_16 2008 11 17 14 12 10 10 0.00116 0.00277 0.00231 0.00192  0.00059 0.00031
PORTFOLIO_N_4_1_17 2008 9 13 12 10 9 9 0.00101 0.00194  0.00225 0.00174  0.00054 0.00028
PORTFOLIO_N_4_1_18 2008 11 14 14 13 9 9 0.00117 0.00204 0.00231 0.00197  0.00055 0.00027
PORTFOLIO_N_4_1_19 2008 9 19 14 11 8 8 0.00099 0.00298 0.00231 0.00181  0.00052 0.00025
PORTFOLIO_N_6_1_0 3612 13 16 14 11 11 11 0.00223 0.00405 0.00261 0.00277 0.00112 0.00058
PORTFOLIO_N_6_1_1 3612 14 16 14 10 8 8 0.00233 0.00418  0.00267 0.00270  0.00093 0.00043
PORTFOLIO_N_6_1_2 3612 12 14 15 12 10 10 0.00211 0.00345 0.00269 0.00294 0.00111 0.00053
PORTFOLIO_-N_6_1_3 3612 15 18 15 13 10 10 0.00247 0.00431 0.00268 0.00302 0.00105 0.00052
PORTFOLIO_N_6_1_4 3612 12 14 14 13 11 11 0.00208 0.00370 0.00264 0.00304 0.00112 0.00058
PORTFOLIO_N_6_1_5 3612 11 13 12 10 9 9 0.00198 0.00332  0.00257 0.00266  0.00098 0.00048
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Table 7: Iterations and solver runtimes for portfolio optimization problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
PORTFOLIO_N_6_1_6 3612 10 15 13 11 9 9 0.00186 0.00390 0.00261 0.00278  0.00100 0.00048
PORTFOLIO_N_6_1_7 3612 12 14 14 12 9 9 0.00212 0.00340 0.00262 0.00292 0.00100 0.00047
PORTFOLIO_N_6_1_8 3612 12 16 15 13 9 9 0.00210 0.00398  0.00269 0.00303  0.00098 0.00048
PORTFOLIO_N_6_1_9 3612 13 15 15 14 10 10 0.00222 0.00392 0.00271 0.00317 0.00109 0.00053
PORTFOLIO_-N_6_1_10 3612 11 15 14 12 10 10 0.00195 0.00369 0.00266 0.00287  0.00105 0.00052
PORTFOLIO_N_6_1_11 3612 11 14 13 11 9 9 0.00196 0.00359  0.00261  0.00279  0.00100 0.00047
PORTFOLIO_N_6_1_12 3612 12 15 16 11 11 11 0.00211 0.00410 0.00265 0.00277 0.00115 0.00058
PORTFOLIO_N_6_1_13 3612 11 15 14 12 10 10 0.00197 0.00369 0.00266 0.00288  0.00105 0.00053
PORTFOLIO_N_6_1_14 3612 13 16 14 13 10 10 0.00226 0.00394 0.00262 0.00301 0.00107 0.00054
PORTFOLIO_N_6_1_15 3612 12 17 14 12 10 10 0.00216 0.00417  0.00265 0.00289  0.00105 0.00053
PORTFOLIO_N_6_1_16 3612 11 17 14 12 9 9 0.00200 0.00421  0.00265 0.00289  0.00097 0.00048
PORTFOLIO_N_6_1_17 3612 13 15 16 15 10 10 0.00222 0.00358 0.00274 0.00323 0.00109 0.00052
PORTFOLIO_N_6_1_18 3612 12 20 15 14 10 10 0.00210 0.00528 0.00264 0.00313 0.00106 0.00053
PORTFOLIO_-N_6_1_19 3612 13 13 14 11 9 9 0.00217 0.00344 0.00264 0.00278 0.00100 0.00047
PORTFOLIO_N_8_1_0 5616 11 15 14 11 12 12 0.00332 0.00572  0.00302 0.00373 0.00166 0.00098
PORTFOLIO_N_8_1_1 5616 12 15 14 13 11 11 0.00353 0.00585 0.00306 0.00405 0.00166 0.00089
PORTFOLIO_N_8_1_2 5616 12 16 14 12 12 12 0.00346 0.00602  0.00308 0.00391 0.00163 0.00098
PORTFOLIO_N_8_1_3 5616 13 15 16 14 11 11 0.00371 0.00564  0.00317 0.00423 0.00146 0.00095
PORTFOLIO_N_8_1_4 5616 13 16 15 12 11 11 0.00368 0.00639 0.00312 0.00389 0.00156 0.00093
PORTFOLIO_N_8_1_5 5616 12 15 13 13 10 10 0.00345 0.00587  0.00306 0.00405 0.00141 0.00084
PORTFOLIO_-N_8_1_6 5616 14 17 13 12 10 10 0.00386 0.00634 0.00303 0.00390 0.00136 0.00086
PORTFOLIO_N_8_1_7 5616 12 14 16 15 9 9 0.00340 0.00550 0.00324 0.00435 0.00131 0.00077
PORTFOLIO_N_8_1_8 5616 13 17 15 14 11 11 0.00370 0.00649 0.00310 0.00423 0.00156 0.00089
PORTFOLIO_N_8_1_9 5616 14 18 14 13 10 10 0.00393 0.00621  0.00308 0.00405 0.00147 0.00085
PORTFOLIO_N_8_1_10 5616 13 18 16 15 10 10 0.00374 0.00629 0.00325 0.00439 0.00136 0.00087
PORTFOLIO_N_8_1_11 5616 12 18 15 15 10 10 0.00345 0.00668 0.00315 0.00436 0.00142 0.00085
PORTFOLIO_N_8_1_12 5616 11 15 15 12 9 9 0.00325 0.00565 0.00313 0.00390 0.00136 0.00073
PORTFOLIO_N_8_1_13 5616 14 17 15 13 10 10 0.00389 0.00647 0.00316  0.00406  0.00147 0.00083
PORTFOLIO_N_8_1_14 5616 12 17 15 14 10 10 0.00349 0.00627  0.00313 0.00423 0.00138 0.00085
PORTFOLIO_N_8_1_15 5616 14 18 15 15 10 10 0.00389 0.00672  0.00305 0.00437 0.00147 0.00084
PORTFOLIO_N_8_1_16 5616 14 17 16 14 12 12 0.00387 0.00617  0.00315 0.00422 0.00168 0.00099
PORTFOLIO_N_8_1_17 5616 12 15 15 13 9 9 0.00347 0.00575 0.00308 0.00404 0.00134 0.00075
PORTFOLIO_N_8_1_18 5616 12 14 14 13 10 10 0.00352 0.00551  0.00308 0.00404 0.00142 0.00083
PORTFOLIO_N_8_1_19 5616 12 16 16 14 10 10 0.00350 0.00603  0.00318 0.00420 0.00141 0.00083
PORTFOLIO_N_10_1_0 8020 13 18 14 13 9 9 0.00581 0.01020 0.00366  0.00525 0.00185 0.00149
PORTFOLIO_N_10_1_1 8020 12 19 13 13 10 10 0.00556 0.01172  0.00357  0.00521  0.00200 0.00166
PORTFOLIO_-N_10_1_2 8020 14 18 14 12 10 10 0.00613 0.00946  0.00364 0.00502  0.00198 0.00169
PORTFOLIO_N_10_1_3 8020 14 16 15 14 10 10 0.00606 0.00823 0.00372 0.00544 0.00199 0.00165
PORTFOLIO_N_10_1_4 8020 12 16 15 13 9 9 0.00546 0.00860 0.00371 0.00523 0.00186 0.00149
PORTFOLIO_N_10_1_5 8020 11 15 14 12 11 11 0.00518 0.00977  0.00360 0.00504 0.00218 0.00180
PORTFOLIO_N_10_1_6 8020 14 17 16 14 11 11 0.00605 0.00913 0.00381 0.00543 0.00216 0.00181
PORTFOLIO_N_10_1_7 8020 14 15 15 13 12 12 0.00602 0.00865 0.00370 0.00524  0.00235 0.00194
PORTFOLIO_N_10_1_8 8020 13 16 17 14 11 11 0.00580 0.00873  0.00385 0.00544 0.00217 0.00179
PORTFOLIO_-N_10_1_-9 8020 12 15 15 12 11 11 0.00557 0.00826  0.00372  0.00501  0.00217 0.00177
PORTFOLIO_N_10_1_10 8020 13 19 14 14 11 11 0.00582 0.00975 0.00364 0.00540 0.00215 0.00182
PORTFOLIO_N_10_1_11 8020 14 18 16 16 10 10 0.00606 0.00962 0.00376 0.00583  0.00198 0.00167
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Table 7: Iterations and solver runtimes for portfolio optimization problems

Iterations Solver Runtime (s)

Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
PORTFOLIO_N_10_1_12 8020 13 18 14 13 12 12 0.00575 0.00940 0.00364 0.00523 0.00235 0.00200
PORTFOLIO_N_10_1_13 8020 13 13 13 13 9 9 0.00570 0.00734  0.00357 0.00523 0.00187 0.00150
PORTFOLIO_N_10_1_14 8020 13 18 14 13 10 10 0.00587 0.00992 0.00366  0.00527  0.00199 0.00163
PORTFOLIO_N_10_1_15 8020 12 16 15 12 11 11 0.00554 0.00864 0.00368 0.00502 0.00218 0.00178
PORTFOLIO-N_10_1_16 8020 13 18 16 13 12 12 0.00580 0.00995 0.00379 0.00522 0.00236 0.00192
PORTFOLIO_N_10_1_17 8020 13 17 15 14 10 10 0.00585 0.00932  0.00372 0.00542  0.00200 0.00168
PORTFOLIO_N_10_1_18 8020 13 18 15 13 10 10 0.00576 0.00967 0.00370 0.00525 0.00198 0.00164
PORTFOLIO_N_10_1_19 8020 13 15 15 15 12 12 0.00570 0.00853 0.00370 0.00564  0.00236 0.00194
PORTFOLIO_N_15_1_0 15780 13 18 14 13 11 - 0.01637 0.01628 0.00539 0.00874 = 0.00454 -
PORTFOLIO_N_15_1_1 15780 13 18 16 14 11 - 0.01608 0.01650  0.00567  0.00908 & 0.00456 -
PORTFOLIO_N_15_1_2 15780 13 16 16 16 11 - 0.01628 0.01516  0.00572  0.00959 & 0.00456 -
PORTFOLIO_N_15_1_3 15780 12 18 16 15 12 - 0.01570 0.02050 0.00563  0.00941 & 0.00490 -
PORTFOLIO_N_15_1.4 15780 13 18 16 13 10 - 0.01600 0.01653  0.00561  0.00872 | 0.00422 -
PORTFOLIO_-N_15_1_5 15780 13 15 15 13 10 - 0.01613 0.01388 0.00554  0.00884 & 0.00418 -
PORTFOLIO_N_15_1_6 15780 14 15 17 14 11 - 0.01664 0.01377  0.00577  0.00905 & 0.00460 -
PORTFOLIO_N_15_1_7 15780 13 16 16 15 10 - 0.01615 0.01428 0.00562 0.00936 = 0.00424 -
PORTFOLIO_N_15_1_8 15780 14 19 18 16 11 - 0.01667 0.01589  0.00614 0.00980 ' 0.00455 -
PORTFOLIO_N_15_1_9 15780 13 14 15 14 10 - 0.01606 0.01471  0.00551  0.00904 & 0.00421 -
PORTFOLIO_N_15_1_10 15780 14 17 15 14 10 - 0.01686 0.01465 0.00549 0.00904 & 0.00422 -
PORTFOLIO_N_15_1_11 15780 13 17 15 13 11 - 0.01626 0.01497  0.00552  0.00880 ' 0.00455 -
PORTFOLIO_-N_15_1_12 15780 14 21 16 17 11 - 0.01670 0.01898 0.00574 0.00994 & 0.00458 -
PORTFOLIO_N_15_1_13 15780 13 16 15 14 12 - 0.01601 0.01464  0.00550  0.00911 & 0.00501 -
PORTFOLIO_N_15_1_14 15780 12 17 16 14 12 - 0.01563 0.01455 0.00574 0.00902 = 0.00497 -
PORTFOLIO_N_15_1_15 15780 15 17 16 15 13 - 0.01715 0.01484 0.00562 0.00931 = 0.00534 -
PORTFOLIO_N_15_1_16 15780 12 16 16 14 11 - 0.01557 0.01435 0.00568 0.00906 = 0.00459 -
PORTFOLIO_N_15_1_17 15780 13 15 16 13 11 - 0.01612 0.01491  0.00569  0.00872 | 0.00458 -
PORTFOLIO_N_15_1_18 15780 13 17 15 13 10 - 0.01614 0.01608  0.00555  0.00880 ' 0.00418 -
PORTFOLIO_N_15_1.19 15780 12 17 15 15 10 - 0.01582 0.01613  0.00559  0.00937 = 0.00421 -
PORTFOLIO_N_20_1_0 26040 13 15 15 14 11 - 0.01608 0.02261 0.00864 0.01355 | 0.00848 -
PORTFOLIO_N_20_1_1 26040 13 19 15 15 10 - 0.01652 0.02820 0.00860 0.01399 = 0.00780 -
PORTFOLIO_N_20_1_2 26040 13 17 18 14 13 - 0.01644 0.02987 | 0.00915 0.01361 0.00985 -
PORTFOLIO_N_20_1_3 26040 13 16 15 14 11 - 0.01514 0.02325 | 0.00849 0.01360 0.00855 -
PORTFOLIO_N_20_1_4 26040 15 19 14 15 13 - 0.01828 0.03341 | 0.00854 0.01400 0.00992 -
PORTFOLIO_N_20_1_5 26040 13 16 16 17 10 - 0.01646 0.02098 0.00871 0.01484 & 0.00782 -
PORTFOLIO_N_20_1_6 26040 14 20 15 15 11 - 0.01747 0.02746 | 0.00835 0.01398  0.00852 -
PORTFOLIO_N_20_1_7 26040 15 17 16 15 11 - 0.01858 0.02532  0.00888 0.01407 & 0.00862 -
PORTFOLIO_-N_20_1_8 26040 13 18 14 13 11 - 0.01628 0.02561 | 0.00837 0.01308 0.00845 -
PORTFOLIO_N_20_1_9 26040 14 17 15 15 11 - 0.01726 0.02707  0.00880 0.01410 & 0.00843 -
PORTFOLIO_-N_20_1_10 26040 14 18 16 14 11 - 0.01711 0.02505 0.00872 0.01356 = 0.00849 -
PORTFOLIO_N_20_1_11 26040 13 16 17 14 13 - 0.01621 0.02322 | 0.00890 0.01350 0.00990 -
PORTFOLIO_N_20_1_12 26040 15 17 17 16 11 - 0.01829 0.02644 0.00895 0.01436 = 0.00851 -
PORTFOLIO_N_20_1_13 26040 13 15 15 13 10 - 0.01599 0.02926  0.00906 0.01311 ' 0.00777 -
PORTFOLIO_N_20_1_14 26040 13 18 18 15 10 - 0.01616 0.02533  0.00919 0.01403 & 0.00775 -
PORTFOLIO_-N_20_1-15 26040 13 16 16 14 11 - 0.01636 0.02529  0.00865 0.01381 ' 0.00854 -
PORTFOLIO_N_20_1_.16 26040 13 17 16 14 12 - 0.01634 0.02396 | 0.00867 0.01358 0.00933 -
PORTFOLIO_N_20_1_17 26040 13 18 16 16 12 - 0.01627 0.02555 | 0.00881 0.01447  0.00929 -
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Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
PORTFOLIO_N_20_1_18 26040 13 18 16 14 10 - 0.01645 0.02772  0.00881 0.01352 ' 0.00777 -
PORTFOLIO_N_20_1_-19 26040 14 16 16 15 11 - 0.01738 0.02570 0.00892 0.01392 & 0.00846 -
PORTFOLIO_N_25_1_0 38800 15 18 17 17 12 - 0.02906 0.03832 | 0.01357 0.02078 0.01460 -
PORTFOLIO_N_25_1_1 38800 13 19 17 15 12 - 0.02572 0.04047 | 0.01364 0.01964 0.01463 -
PORTFOLIO_-N_25_1_2 38800 14 15 15 15 11 - 0.02703 0.03219 | 0.01285 0.01948 0.01357 -
PORTFOLIO_N_25_1_3 38800 15 20 15 16 12 - 0.02894 0.03989 | 0.01286 0.02016  0.01476 -
PORTFOLIO_N_25_1_4 38800 13 16 15 15 11 - 0.02520 0.03309 © 0.01289 0.01982 0.01353 -
PORTFOLIO_N_25_1_5 38800 14 15 15 15 12 - 0.02751 0.03296 | 0.01305 0.01962 0.01489 -
PORTFOLIO_N_25_1_6 38800 14 18 14 14 11 - 0.02750 0.03763 | 0.01266 0.01904 0.01364 -
PORTFOLIO_N_25_1_7 38800 14 19 15 16 13 - 0.02732 0.03533 | 0.01281 0.02014  0.01590 -
PORTFOLIO_N_25_1_8 38800 14 17 15 15 11 - 0.02728 0.03293 | 0.01274 0.01960 0.01364 -
PORTFOLIO_N_25_1_9 38800 14 19 15 15 12 - 0.02739 0.03600 | 0.01290 0.01954 0.01477 -
PORTFOLIO_N_25_1_.10 38800 14 18 14 14 11 - 0.02736 0.03734 | 0.01236 0.01896  0.01347 -
PORTFOLIO_-N_25_1_11 38800 15 21 15 16 11 - 0.02910 0.04072 | 0.01281 0.02027 0.01354 -
PORTFOLIO_N_25_1_12 38800 15 18 17 14 12 - 0.02923 0.03431 | 0.01344 0.01905 0.01463 -
PORTFOLIO_N_25_1_13 38800 16 19 15 16 11 - 0.03070 0.03879 | 0.01290 0.02019 0.01364 -
PORTFOLIO_N_25_1_14 38800 14 16 13 13 10 - 0.02719 0.03314 | 0.01209 0.01832 0.01244 -
PORTFOLIO_N_25_1_15 38800 13 16 17 15 11 - 0.02563 0.03328 | 0.01350 0.01982 0.01352 -
PORTFOLIO_N_25_1.16 38800 14 19 14 15 12 - 0.02742 0.05195 | 0.01246 0.01948 0.01469 -
PORTFOLIO_N_25_.1_17 38800 14 15 14 13 12 - 0.02716 0.03272 | 0.01235 0.01838 0.01469 -
PORTFOLIO_N_25_1_18 38800 15 18 16 16 12 - 0.02915 0.03600 | 0.01317 0.02032 0.01499 -
PORTFOLIO_N_25_1_19 38800 14 17 15 15 12 - 0.02670 0.03615 | 0.01267 0.01962 0.01478 -
PORTFOLIO_N_30_1_0 54060 15 17 18 16 11 - 0.04222 0.04377 | 0.01902 0.02735 0.02026 -
PORTFOLIO_N_30_1_1 54060 15 18 18 17 11 - 0.04154 0.04821 | 0.01899 0.02813 0.02007 -
PORTFOLIO_N_30_1_2 54060 14 20 17 15 14 - 0.03917 0.05034 = 0.01822 0.02646  0.02502 -
PORTFOLIO_N_30_1_3 54060 14 20 17 15 12 - 0.03929 0.05799 | 0.01819 0.02625 0.02192 -
PORTFOLIO_N_30_1_4 54060 14 17 18 15 13 - 0.03964 0.04580 | 0.01906 0.02649  0.02396 -
PORTFOLIO_N_30_1_5 54060 14 18 15 16 11 - 0.03956 0.04614 | 0.01716  0.02728  0.02006 -
PORTFOLIO_N_30_1_6 54060 12 19 16 16 11 - 0.03474 0.04898 | 0.01781 0.02729 0.02011 -
PORTFOLIO_N_30_1_7 54060 14 17 16 16 11 - 0.03936 0.04394 | 0.01761 0.02717 0.02021 -
PORTFOLIO_N_30_1_8 54060 15 17 17 15 12 - 0.04215 0.04182 | 0.01836 0.02652 0.02186 -
PORTFOLIO_N_30_1_9 54060 14 18 17 17 12 - 0.03966 0.04980 & 0.01842 0.02831 0.02199 -
PORTFOLIO_N_30_1_.10 54060 13 18 16 15 11 - 0.03722 0.04368 | 0.01767 0.02632  0.02027 -
PORTFOLIO_N_30_1_-11 54060 14 18 16 16 12 - 0.03977 0.04644 | 0.01754 0.02713 0.02191 -
PORTFOLIO_N_30_1_12 54060 14 18 16 15 11 - 0.03923 0.04913 | 0.01778 0.02649 0.02034 -
PORTFOLIO_N_30_.1_.13 54060 15 21 17 16 12 - 0.04164 0.05595 | 0.01808 0.02713  0.02175 -
PORTFOLIO_-N_30_1-14 54060 16 19 17 15 11 - 0.04419 0.05431 | 0.01838 0.02643 0.02015 -
PORTFOLIO_N_30_1_.15 54060 14 19 17 15 12 - 0.03961 0.04777 | 0.01842 0.02656  0.02187 -
PORTFOLIO_-N_30_.1_.16 54060 15 17 18 15 14 - 0.04202 0.04420 & 0.01883 0.02649  0.02490 -
PORTFOLIO_N_30_.1_.17 54060 16 16 17 14 11 - 0.04433 0.04140 | 0.01831 0.02563  0.02025 -
PORTFOLIO_N_30_.1_18 54060 15 19 16 14 12 - 0.04180 0.05000 | 0.01772 0.02550 0.02201 -
PORTFOLIO_N_30_.1_.19 54060 16 18 16 15 11 - 0.04432 0.04734 | 0.01777 0.02642 0.02010 -
PORTFOLIO_N_35_1_0 71820 15 19 18 19 12 - 0.05816 0.05931 | 0.02139 0.03880 0.03173 -
PORTFOLIO_-N_35_1_1 71820 15 20 17 16 12 - 0.05906 0.06253 | 0.02106 0.03483  0.03089 -
PORTFOLIO_N_35_1_2 71820 14 18 15 14 12 - 0.05513 0.06219 | 0.01980 0.03284  0.03091 -
PORTFOLIO_-N_35_1_3 71820 15 20 16 17 13 - 0.05894 0.06915 | 0.02002 0.03579 0.03306 -
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Table 7: Iterations and solver runtimes for portfolio optimization problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM
PORTFOLIO_N_35_1.4 71820 16 19 16 15 13 - 0.06250 0.06503 | 0.02030 0.03380 0.03310 -
PORTFOLIO_N_35_1_5 71820 14 19 17 15 13 - 0.05460 0.06351 | 0.02085 0.03382 0.03323 -
PORTFOLIO_N_35_1_6 71820 15 18 18 15 12 - 0.05876 0.05876 | 0.02086 0.03374 0.03071 -
PORTFOLIO_N_35_1_7 71820 17 17 17 15 12 - 0.06557 0.05745 | 0.02104 0.03375 0.03093 -
PORTFOLIO_-N_35_1_8 71820 15 20 17 17 11 - 0.05911 0.06865 | 0.02056 0.03577  0.02855 -
PORTFOLIO_N_35_1_9 71820 14 17 19 17 12 - 0.05430 0.05969 | 0.02247 0.03597 0.03085 -
PORTFOLIO_N_35.1_.10 71820 15 18 17 16 12 - 0.05799 0.05773 | 0.02076 0.03484  0.03083 -
PORTFOLIO_N_35_.1_11 71820 15 20 16 16 12 - 0.05800 0.06867 | 0.02054 0.03480 0.03071 -
PORTFOLIO_N_35_.1_.12 71820 15 18 16 15 11 - 0.05866 0.06290 & 0.01991 0.03373 0.02864 -
PORTFOLIO_N_35_.1_.13 71820 15 20 16 17 12 - 0.05746 0.06915 | 0.02026 0.03583  0.03091 -
PORTFOLIO_N_35.1_14 71820 16 20 18 18 13 - 0.06144 0.06523 | 0.02127 0.03676 0.03324 -
PORTFOLIO_N_35_1_15 71820 15 19 16 15 11 - 0.05826 0.06382 | 0.02012 0.03400 0.02846 -
PORTFOLIO_N_35_.1_.16 71820 14 18 19 16 13 - 0.05486 0.06249 | 0.02178 0.03498 0.03310 -
PORTFOLIO_-N_35_1.17 71820 13 17 16 14 12 - 0.05057 0.05973 | 0.02016 0.03373  0.03074 -
PORTFOLIO_N_35.1_18 71820 16 19 18 17 13 - 0.06121 0.06841 | 0.02141 0.03582  0.03322 -
PORTFOLIO_N_35.1_.19 71820 16 17 18 16 12 - 0.06150 0.05831 | 0.02125 0.03476 0.03118 -
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Table 8: Iterations and solver runtimes for oscillating masses problems

Iterations Solver Runtime (s)

Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CVXGEN CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM  CVXGEN
OSCILLATING_MASSES_N_8_1_0 1344 5 13 11 11 5 5 7 0.00049 0.00108 0.00222 0.00187  0.00027 0.00011 0.00014
OSCILLATING_MASSES_N_8_1_1 1344 5 14 8 10 5 5 6 0.00048 0.00117  0.00218 0.00181  0.00028 0.00012 0.00013
OSCILLATING_MASSES_N_8_1_2 1344 5 17 9 11 5) 5 6 0.00048 0.00139  0.00216 0.00189  0.00026 0.00011 0.00013
OSCILLATING_MASSES_N_8_1_3 1344 5 14 8 11 5 5 6 0.00047 0.00115 0.00217 0.00190 0.00026 0.00011 0.00012
OSCILLATING_MASSES_N_8_1_4 1344 5 12 10 11 5 5 7 0.00049 0.00099 0.00219 0.00189  0.00029 0.00011 0.00015
OSCILLATING_MASSES_N_8_1_5 1344 5 12 8 11 ) 5 6 0.00047 0.00100 0.00216  0.00190 0.00026 0.00011 0.00013
OSCILLATING_MASSES_N_8_1_6 1344 10 13 12 11 7 7 10 0.00083 0.00110 0.00223 0.00188  0.00036 0.00015 0.00020
OSCILLATING_MASSES_N_8_1_7 1344 5 13 9 10 5 5 6 0.00048 0.00104 0.00219 0.00178  0.00027 0.00011 0.00012
OSCILLATING_MASSES_N_8_1_8 1344 5 14 9 11 4 4 6 0.00048 0.00112  0.00217 0.00188  0.00023 0.00009 0.00012
OSCILLATING_MASSES_N_8_1_9 1344 5 15 8 11 5) 5 6 0.00048 0.00121  0.00219 0.00153  0.00027 0.00011 0.00013
OSCILLATING_MASSES_N_8_1_10 1344 5 14 9 11 ) 5 6 0.00048 0.00111  0.00221 0.00190 0.00026 0.00011 0.00013
OSCILLATING_MASSES_N_8_1_11 1344 5 13 8 13 5) 5 6 0.00048 0.00105 0.00217 0.00210  0.00028 0.00011 0.00013
OSCILLATING_MASSES_N_8_1_12 1344 5 14 9 12 5 5 7 0.00048 0.00113  0.00220 0.00203  0.00027 0.00011 0.00014
OSCILLATING_MASSES_N_8_1_13 1344 5 12 8 12 5 5 6 0.00048 0.00097 0.00216 0.00160  0.00027 0.00011 0.00012
OSCILLATING_MASSES_N_8_1_14 1344 5 12 8 9 ) 5 6 0.00048 0.00098 0.00215 0.00138 0.00026 0.00011 0.00013
OSCILLATING_MASSES_N_8_1_15 1344 5 13 8 11 5 5 7 0.00048 0.00109 0.00218 0.00156  0.00026 0.00011 0.00015
OSCILLATING_MASSES_N_8_1_16 1344 6 14 10 11 6 6 8 0.00055 0.00117  0.00220 0.00190 0.00031 0.00013 0.00016
OSCILLATING_MASSES_N_8_1_17 1344 5 13 10 12 5 5 6 0.00047 0.00105 0.00221 0.00199 0.00027 0.00011 0.00014
OSCILLATING_MASSES_N_8_1_18 1344 5 12 9 11 4 4 6 0.00048 0.00100 0.00218 0.00190 0.00024 0.00009 0.00013
OSCILLATING_MASSES_N_8_1_19 1344 5 12 10 11 ) 5 6 0.00048 0.00100 0.00221 0.00187  0.00026 0.00011 0.00013
OSCILLATING_-MASSES_N_20_1_0 3312 5 15 9 12 5 5 7 0.00110 0.00300 0.00265 0.00541  0.00062 0.00029 0.00039
OSCILLATING_MASSES_N_20_1_1 3312 5 14 9 12 ) 5 7 0.00117 0.00275 0.00266 0.00523  0.00061 0.00029 0.00041
OSCILLATING_MASSES_N_20_1_2 3312 5 15 9 12 ) 5 7 0.00115 0.00290 0.00266 0.00538  0.00065 0.00029 0.00042
OSCILLATING_MASSES_N_20_1_3 3312 7 14 10 13 7 7 8 0.00145 0.00274  0.00270  0.00561  0.00080 0.00039 0.00046
OSCILLATING_MASSES_N_20_1_4 3312 7 14 10 14 7 7 9 0.00151 0.00275 0.00271 0.00579  0.00077 0.00039 0.00051
OSCILLATING_MASSES_N_20_1_5 3312 5 14 8 13 5) 5 6 0.00113 0.00272  0.00262 0.00553  0.00062 0.00029 0.00035
OSCILLATING_MASSES_N_20_1_6 3312 5 16 8 11 ) 5 7 0.00114 0.00308 0.00259 0.00510  0.00062 0.00029 0.00040
OSCILLATING_MASSES_N_20_1_7 3312 5 14 9 12 5) 5 6 0.00115 0.00278  0.00265 0.00517  0.00062 0.00029 0.00035
OSCILLATING_MASSES_N_20_1_8 3312 5 13 8 12 ) 5 7 0.00116 0.00259  0.00260 0.00530  0.00064 0.00029 0.00041
OSCILLATING_-MASSES_N_20_1_9 3312 5 16 9 13 5 5 6 0.00113 0.00306 0.00266 0.00562  0.00061 0.00029 0.00035
OSCILLATING_MASSES_N_20_1_10 3312 5 14 8 12 5 5 6 0.00114 0.00274  0.00262 0.00547  0.00062 0.00029 0.00034
OSCILLATING_-MASSES_N_20_1_11 3312 5 14 10 12 5 5 7 0.00114 0.00276  0.00270 0.00532  0.00064 0.00029 0.00041
OSCILLATING_MASSES_N_20_1_12 3312 5 15 9 14 5 5 7 0.00118 0.00287  0.00263  0.00580  0.00062 0.00029 0.00041
OSCILLATING_MASSES_N_20_1_13 3312 5 14 8 12 ) 5 6 0.00112 0.00268 0.00262 0.00486  0.00061 0.00029 0.00036
OSCILLATING_MASSES_N_20_1_14 3312 5 15 9 12 5) 5 6 0.00111 0.00289  0.00265 0.00552  0.00063 0.00029 0.00035
OSCILLATING_MASSES_N_20_1_15 3312 5 13 8 11 ) 5 6 0.00113 0.00260 0.00259 0.00510  0.00062 0.00029 0.00036
OSCILLATING_MASSES_N_20_1_16 3312 5 14 8 12 5 5 6 0.00113 0.00276  0.00259 0.00510  0.00063 0.00029 0.00034
OSCILLATING_MASSES_N_20_1_17 3312 5 15 10 13 5 5 7 0.00115 0.00294  0.00266 0.00533  0.00062 0.00029 0.00040
OSCILLATING_-MASSES_N_20_1_18 3312 5 15 8 13 5 5 6 0.00113 0.00280 0.00261 0.00560  0.00063 0.00029 0.00035
OSCILLATING_MASSES_N_20_1_19 3312 5 15 10 14 5 5 7 0.00109 0.00298  0.00267 0.00543  0.00061 0.00029 0.00039
OSCILLATING_MASSES_N_32_1_0 5280 5 14 9 13 5 5 - 0.00179 0.00420 0.00309 0.00885  0.00097 0.00048 -

OSCILLATING_MASSES_N_32_1_1 5280 5 14 8 13 5) 5 - 0.00181 0.00434  0.00306 0.00881  0.00096 0.00049 -

OSCILLATING_MASSES_N_32_1_2 5280 5 15 8 13 5 5 - 0.00178 0.00456  0.00303 0.00882  0.00095 0.00048 -

OSCILLATING_MASSES_N_32_1_3 5280 7 13 9 13 6 6 - 0.00226 0.00398  0.00308 0.00925 0.00110 0.00057 -

OSCILLATING_MASSES_N_32_1.4 5280 9 15 10 15 8 8 - 0.00285 0.00470 0.00318 0.00958 0.00137 0.00078 -

OSCILLATING_MASSES_N_32_1_5 5280 5 15 8 10 ) 5 - 0.00177 0.00457 0.00306 0.00761  0.00097 0.00049 -
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Problem

Size

OSCILLATING_MASSES_N_32_1_6
OSCILLATING-MASSES_N_32_1_7
OSCILLATING_MASSES_N_32_1_8
OSCILLATING_MASSES_N_32_1_9
OSCILLATING-MASSES_-N_32_1_10
OSCILLATING_MASSES_N_32_1_11
OSCILLATING-MASSES_N_32_1_12
OSCILLATING _MASSES_N_32_1_13
OSCILLATING-MASSES_N_32_1_14
OSCILLATING _MASSES_N_32_1_15
OSCILLATING_MASSES_N_32_1_16
OSCILLATING _MASSES_N_32_1_17
OSCILLATING_MASSES_N_32_1_18
OSCILLATING-MASSES_N_32_1_19
OSCILLATING_MASSES_N _44_1_0
OSCILLATING-MASSES_N_44_1_1
OSCILLATING_MASSES_N _44 _1_2
OSCILLATING_MASSES_N_44_1_3
OSCILLATING _MASSES_N_44 1.4
OSCILLATING_MASSES_N_44_1_5
OSCILLATING-MASSES_N_44_1_6
OSCILLATING_MASSES_N _44 1.7
OSCILLATING_-MASSES_N_44_1_8
OSCILLATING_MASSES_N _44_1_9
OSCILLATING-MASSES_N_44_1_10
OSCILLATING _MASSES_N_44 1_11
OSCILLATING_MASSES_N _44_1_12
OSCILLATING _MASSES_N_44_1_13
OSCILLATING_MASSES_N_44_1_14
OSCILLATING-MASSES_N_44_1_15
OSCILLATING _MASSES_N_44_1_16
OSCILLATING-MASSES_N_44_1_17
OSCILLATING _MASSES_N_44 _1_18
OSCILLATING_MASSES_N_44_1_19
OSCILLATING_MASSES_N_56_1_0
OSCILLATING_MASSES_N_56_1_1
OSCILLATING-MASSES_N_56_1_2
OSCILLATING_MASSES_N_56_1_3
OSCILLATING-MASSES_N_56_1_4
OSCILLATING_MASSES_N_56_1_5
OSCILLATING_-MASSES_N_56_1_6
OSCILLATING_MASSES_N_56_1_7
OSCILLATING_MASSES_N_56_1_8
OSCILLATING-MASSES_N_56_1_9
OSCILLATING_MASSES_N_56_1_10
OSCILLATING-MASSES_N_56_1_11

5280
5280
5280
5280
5280
5280
5280
5280
5280
5280
5280
5280
5280
5280
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
7248
9216
9216
9216
9216
9216
9216
9216
9216
9216
9216
9216
9216

Table 8: Iterations and solver runtimes for oscillating masses problems

CLARABEL

Iterations
ECOS GUROBI MOSEK QOCO
14 7 13
15 9 13
16 9 13
14 8 12
15 10 13
13 8 12
15 8 11
15 9 13
16 9 13
16 8 12
15 9 12
15 8 12
15 8 12
15 8 13
15 9 11
16 10 12
15 11 14
14 8 12
16 8 13
14 8 13
15 9 14
15 9 12
15 9 12
15 9 12
15 9 13
14 9 13
16 9 12
14 8 12
16 8 13
14 10 13
16 9 13
15 9 13
14 9 13
14 9 12
15 9 13
16 9 12
16 10 11
15 8 12
15 9 13
16 8 13
14 9 12
19 8 13
14 9 12
16 9 13
19 9 13
14 10 12

QOCO-_CUSTOM

Solver Runtime (s)

CVXGEN CLARABEL ECOS GUROBI MOSEK QOCO
- 0.00197 0.00419  0.00299  0.00929  0.00110
- 0.00202 0.00450  0.00307  0.00865 0.00113
- 0.00182 0.00486  0.00311  0.00885  0.00097
- 0.00178 0.00429 0.00306 0.00839  0.00097
- 0.00204 0.00462  0.00323  0.00882  0.00098
- 0.00179 0.00395 0.00307 0.00842  0.00098
- 0.00177 0.00441  0.00305 0.00849  0.00098
- 0.00179 0.00464  0.00314 0.00887 0.00115
- 0.00199 0.00482  0.00312 0.00895 0.00110
- 0.00179 0.00486  0.00305 0.00842  0.00096
- 0.00179 0.00459 0.00311 0.00846  0.00097
- 0.00175 0.00460  0.00302  0.00850  0.00102
- 0.00179 0.00471  0.00298 0.00845 0.00100
- 0.00181 0.00465 0.00304 0.00916  0.00098
- 0.00237 0.00623  0.00356  0.01125 0.00132
- 0.00277 0.00660  0.00365 0.01121  0.00148
- 0.00282 0.00623 0.00376  0.01247  0.00156
- 0.00247 0.00604 0.00350 0.01175 0.00134
- 0.00241 0.00676  0.00348  0.01229  0.00138
- 0.00245 0.00587  0.00349 0.01222  0.00133
- 0.00287 0.00642 0.00361 0.01279  0.00150
- 0.00243 0.00638  0.00355 0.01170 0.00146
- 0.00245 0.00643  0.00359 0.01171  0.00134
- 0.00245 0.00624  0.00359 0.01178  0.00130
- 0.00252 0.00618  0.00358  0.01230  0.00133
- 0.00240 0.00600  0.00358  0.01233  0.00136
- 0.00241 0.00651  0.00356 0.01173  0.00133
- 0.00246 0.00607  0.00352  0.01169  0.00133
- 0.00249 0.00677  0.00352 0.01231  0.00133
- 0.00241 0.00592  0.00366  0.01204 0.00133
- 0.00245 0.00671  0.00357 0.01214  0.00132
- 0.00244 0.00638  0.00362 0.01167 0.00138
- 0.00245 0.00584  0.00352 0.01216  0.00134
- 0.00248 0.00594 0.00366 0.01185 0.00137
- 0.00312 0.00795  0.00405 0.01711  0.00171
- 0.00303 0.00856  0.00404 0.01631 0.00167
- 0.00303 0.00849  0.00416  0.01550  0.00189
- 0.00319 0.00797  0.00396  0.01628  0.00172
- 0.00315 0.00786  0.00409 0.01698  0.00167
- 0.00407 0.00848  0.00392 0.01688  0.00217
- 0.00313 0.00751  0.00410 0.01632 0.00189
- 0.00312 0.01001  0.00397  0.01723  0.00169
- 0.00312 0.00765  0.00404 0.01606 0.00170
- 0.00354 0.00851  0.00406 0.01712  0.00192
- 0.00313 0.01006  0.00401 0.01689  0.00169
- 0.00311 0.00758  0.00416 0.01613  0.00168

QOCO-CUSTOM

CVXGEN




€9

Table 8: Iterations and solver runtimes for oscillating masses problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CVXGEN CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM  CVXGEN
OSCILLATING_MASSES_N_56_1_12 9216 5 15 8 12 5 5 - 0.00311 0.00801 0.00397 0.01629 0.00171 0.00092 -
OSCILLATING_MASSES_N_56_1_13 9216 5 14 8 12 5 5 - 0.00311 0.00760  0.00394 0.01614 0.00169 0.00092 -
OSCILLATING_MASSES_N_56_1_14 9216 5 15 8 12 5) 5 - 0.00311 0.00783  0.00399 0.01622 0.00171 0.00095 -
OSCILLATING_MASSES_N_56_1_15 9216 6 14 9 13 6 6 - 0.00357 0.00749 0.00407 0.01692 0.00193 0.00109 -
OSCILLATING_MASSES_N_56_1_16 9216 5 16 8 13 ) 5 - 0.00311 0.00849 0.00394 0.01687 0.00167 0.00093 -
OSCILLATING_MASSES_N_56_1_17 9216 6 15 9 14 6 6 - 0.00353 0.00801  0.00404 0.01801 0.00191 0.00110 -
OSCILLATING_MASSES_N_56_1_18 9216 5 16 8 13 ) 5 - 0.00312 0.00879 0.00395 0.01696  0.00168 0.00091 -
OSCILLATING_MASSES_N_56_1_19 9216 7 16 10 16 7 7 - 0.00422 0.00866  0.00424 0.01921 0.00216 0.00128 -
OSCILLATING_MASSES_N_76_1_0 12496 5 16 9 12 5 - - 0.00417 0.01169 0.00509 0.02337 = 0.00229 - -
OSCILLATING_MASSES_N_76_1_1 12496 6 15 10 12 5) - - 0.00491 0.01090 0.00521 0.02242 = 0.00231 - -
OSCILLATING_MASSES_N_76_1_2 12496 5 15 9 12 5 - - 0.00425 0.01106  0.00518 0.02213 = 0.00238 - -
OSCILLATING_MASSES_N_76_1_3 12496 5 14 8 12 6 - - 0.00430 0.01017 0.00494 0.02243 & 0.00265 - -
OSCILLATING_MASSES_N_76_1_4 12496 5 14 8 12 5 - - 0.00418 0.01023 0.00488 0.02254 | 0.00231 - -
OSCILLATING_MASSES_N_76_1_5 12496 5 15 9 14 5 - - 0.00427 0.01097 0.00511 0.02418 ' 0.00245 - -
OSCILLATING_MASSES_N_76_1_6 12496 5 15 8 13 5 - - 0.00424 0.01141  0.00492  0.02355 | 0.00258 - -
OSCILLATING_MASSES_N_76_1_7 12496 5 15 9 14 5 - - 0.00419 0.01078  0.00506  0.02419 = 0.00257 - -
OSCILLATING_MASSES_N_76_1_8 12496 6 14 9 12 6 - - 0.00488 0.01022  0.00507 0.02243 & 0.00262 - -
OSCILLATING_MASSES_N_76_1_9 12496 5 14 9 13 5 - - 0.00423 0.01017  0.00509 0.02297 = 0.00228 - -
OSCILLATING_MASSES_N_76_1_10 12496 6 15 9 11 6 - - 0.00466 0.01093 0.00511 0.02109 & 0.00264 - -
OSCILLATING_MASSES_N_76_1_11 12496 5 14 8 12 5 - - 0.00423 0.01031 0.00494 0.02259 | 0.00233 - -
OSCILLATING_MASSES_N_76_1_12 12496 7 15 10 13 7 - - 0.00543 0.01121  0.00517 0.02368 = 0.00294 - -
OSCILLATING_MASSES_N_76_1_13 12496 7 17 11 14 6 - - 0.00550 0.01210 0.00542  0.02445 | 0.00259 - -
OSCILLATING_MASSES_N_76_1_14 12496 5 15 10 14 ) - - 0.00424 0.01108 0.00518 0.02432 = 0.00224 - -
OSCILLATING_MASSES_N_76_1_15 12496 5 16 9 13 5 - - 0.00425 0.01168  0.00506  0.02324 | 0.00231 - -
OSCILLATING_MASSES_N_76_1_16 12496 5 15 9 11 5 - - 0.00427 0.01089  0.00507 0.02136 = 0.00233 - -
OSCILLATING_MASSES_N_76_1_17 12496 5 15 9 13 5) - - 0.00429 0.01105 0.00502 0.02345 = 0.00230 - -
OSCILLATING_MASSES_N_76_1_18 12496 5 16 9 12 5 - - 0.00421 0.01152  0.00504 0.02265 | 0.00228 - -
OSCILLATING_MASSES_N_76_1_19 12496 5 15 9 12 5) - - 0.00420 0.01093 0.00503 0.02258 ' 0.00228 - -
OSCILLATING_MASSES_N_96_1_0 15776 5 15 8 13 ) - - 0.00537 0.01378 0.00572 0.02968 = 0.00287 - -
OSCILLATING_MASSES_N_96_1_1 15776 6 16 9 13 6 - - 0.00618 0.01448 0.00589 0.02978 = 0.00333 - -
OSCILLATING_MASSES_N_96_1_2 15776 5 16 8 12 5 - - 0.00528 0.01466  0.00580  0.02827 = 0.00288 - -
OSCILLATING_MASSES_N_96_1_3 15776 5 17 8 13 5 - - 0.00530 0.01562  0.00575 0.02965 = 0.00287 - -
OSCILLATING_MASSES_N_96_1_4 15776 5 13 10 11 5 - - 0.00526 0.01187  0.00609 0.02489 = 0.00291 - -
OSCILLATING_MASSES_N_96_1_5 15776 5 15 8 14 5 - - 0.00535 0.01372  0.00577 0.03095 = 0.00290 - -
OSCILLATING_MASSES_N_96_1_6 15776 5 14 9 12 5) - - 0.00536 0.01284  0.00593 0.02815 | 0.00332 - -
OSCILLATING_MASSES_N_96_1_7 15776 5 15 9 13 ) - - 0.00543 0.01424  0.00603  0.02947 = 0.00290 - -
OSCILLATING_MASSES_N_96_1_8 15776 5 16 8 13 5 - - 0.00552 0.01457  0.00577 0.02981 = 0.00289 - -
OSCILLATING_MASSES_N_96_1_9 15776 5 15 8 11 5 - - 0.00536 0.01356  0.00574  0.02750 = 0.00293 - -
OSCILLATING_-MASSES_N_96_1_10 15776 6 14 10 13 6 - - 0.00589 0.01277  0.00609 0.02968 = 0.00327 - -
OSCILLATING_MASSES_N_96_1_11 15776 6 15 9 12 6 - - 0.00608 0.01380 0.00583 0.02834 = 0.00331 - -
OSCILLATING_MASSES_N_96_1_12 15776 5 17 9 13 5 - - 0.00527 0.01555 0.00592 0.02948 = 0.00289 - -
OSCILLATING_MASSES_N_96_1_13 15776 5 15 8 13 5) - - 0.00531 0.01377 0.00574 0.02977 = 0.00293 - -
OSCILLATING_MASSES_N_96_1_14 15776 5 17 10 13 5 - - 0.00534 0.01547 0.00612 0.02916 = 0.00288 - -
OSCILLATING_MASSES_N_96_1_15 15776 6 15 9 12 6 - - 0.00603 0.01406  0.00591  0.02810 = 0.00328 - -
OSCILLATING_MASSES_N_96_1_16 15776 5 14 8 13 5 - - 0.00543 0.01295 0.00574  0.02947 = 0.00290 - -
OSCILLATING_MASSES_-N_96_1_17 15776 5 16 8 14 ) - - 0.00529 0.01427  0.00579  0.03088 = 0.00290 - -
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Table 8: Iterations and solver runtimes for oscillating masses problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CVXGEN CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM  CVXGEN
OSCILLATING_MASSES_N_96_1_18 15776 5 14 9 13 5 - - 0.00517 0.01306  0.00603  0.02977 = 0.00290 - -
OSCILLATING_MASSES_N_96_1_19 15776 5 16 8 13 5 - - 0.00527 0.01481  0.00577 0.02987 | 0.00295 - -
OSCILLATING_MASSES_N_116_1_0 19056 5 15 9 13 5) - - 0.00645 0.01652  0.00678 0.03539 = 0.00354 - -
OSCILLATING_MASSES_N_116_1_1 19056 6 14 9 12 6 - - 0.00723 0.01589 0.00676 0.03201 = 0.00404 - -
OSCILLATING_MASSES_N_116_1_2 19056 5 15 10 12 5 - - 0.00653 0.01675 0.00712 0.03463 = 0.00351 - -
OSCILLATING_MASSES_N_116_1_3 19056 5 16 8 12 5 - - 0.00637 0.01775 0.00654  0.03461 = 0.00347 - -
OSCILLATING_MASSES_N_116_1_4 19056 5 15 8 12 ) - - 0.00637 0.01692 0.00664 0.03405 = 0.00351 - -
OSCILLATING_MASSES_N_116_1_5 19056 6 16 8 13 6 - - 0.00724 0.01791  0.00661 0.03601 = 0.00395 - -
OSCILLATING_MASSES_N_116_1_6 19056 6 14 9 11 6 - - 0.00670 0.01542  0.00674 0.03227 = 0.00398 - -
OSCILLATING_MASSES_N_116_1_7 19056 5 15 9 14 ) - - 0.00663 0.01652  0.00677  0.03753 = 0.00347 - -
OSCILLATING_MASSES_N_116_1_8 19056 7 17 9 14 7 - - 0.00864 0.01920 0.00681 0.03718 = 0.00454 - -
OSCILLATING_MASSES_N_116_1_9 19056 5 15 10 13 5 - - 0.00646 0.01671  0.00698 0.03599 = 0.00350 - -
OSCILLATING_MASSES_N_116_1_.10 19056 5 14 9 12 5 - - 0.00640 0.01547  0.00678  0.03438 = 0.00354 - -
OSCILLATING-MASSES_N_116_1_.11 19056 5 16 9 13 5 - - 0.00628 0.01727 0.00673 0.03629 = 0.00349 - -
OSCILLATING_MASSES_N_116_1_.12 19056 5 16 9 12 5 - - 0.00635 0.01787  0.00674  0.03427 = 0.00355 - -
OSCILLATING_-MASSES_N_116_1-13 19056 5 15 11 12 6 - - 0.00641 0.01696  0.00725 0.03417 = 0.00401 - -
OSCILLATING_MASSES_N_116_1_14 19056 6 15 10 13 6 - - 0.00744 0.01671  0.00700  0.03591 = 0.00397 - -
OSCILLATING_-MASSES_N_116_1_15 19056 5 16 9 13 5 - - 0.00639 0.01772  0.00676 0.03526 = 0.00353 - -
OSCILLATING_MASSES_N_116_1_.16 19056 5 14 9 13 5) - - 0.00639 0.01565 0.00678  0.03580 ' 0.00362 - -
OSCILLATING_MASSES_N_116_1_.17 19056 5 16 8 13 5 - - 0.00646 0.01823 0.00662 0.03592 = 0.00346 - -
OSCILLATING_-MASSES_-N_116_1-18 19056 5 15 8 11 6 - - 0.00638 0.01739  0.00661 0.03253 | 0.00402 - -
OSCILLATING_MASSES_N_116_1_.19 19056 5 16 9 13 5 - - 0.00655 0.01813 0.00678 0.03584 = 0.00350 - -
OSCILLATING_MASSES_N_136_1_0 22336 5 16 9 13 ) - - 0.00746 0.02089  0.00775 0.04277 = 0.00412 - -
OSCILLATING_MASSES_N_136_1_1 22336 5 15 9 12 5 - - 0.00758 0.01966  0.00779  0.04064 = 0.00407 - -
OSCILLATING_MASSES_N_136_1_2 22336 5 14 10 12 5 - - 0.00765 0.01879  0.00805 0.04135 & 0.00411 - -
OSCILLATING_MASSES_N_136_1_3 22336 5 16 9 12 5) - - 0.00758 0.02064 0.00774 0.04057 = 0.00413 - -
OSCILLATING_MASSES_N_136_1_4 22336 5 15 8 13 5 - - 0.00747 0.02013 0.00759 0.04242 = 0.00409 - -
OSCILLATING_MASSES_N_136_1_5 22336 5 16 9 13 ) - - 0.00752 0.02073  0.00777  0.03960 & 0.00425 - -
OSCILLATING_MASSES_N_136_1_6 22336 5 15 12 14 5 - - 0.00764 0.01978  0.00859  0.04500 = 0.00409 - -
OSCILLATING_MASSES_N_136_1_7 22336 5 15 10 13 5 - - 0.00744 0.01972  0.00795 0.04260 = 0.00411 - -
OSCILLATING_MASSES_N_136_1_8 22336 5 15 8 13 5 - - 0.00744 0.01993  0.00757  0.04299 = 0.00404 - -
OSCILLATING_MASSES_N_136_1_9 22336 5 14 9 12 5 - - 0.00746 0.01840 0.00776  0.04081 = 0.00414 - -
OSCILLATING_MASSES_N_136_1_.10 22336 6 14 10 13 6 - - 0.00844 0.01862 0.00804 0.04146 = 0.00469 - -
OSCILLATING_-MASSES_N_136_1_.11 22336 6 15 8 13 6 - - 0.00843 0.01963  0.00749 0.04219 & 0.00471 - -
OSCILLATING_MASSES_N_136_1_12 22336 5 15 8 12 5) - - 0.00752 0.01976  0.00757  0.04099 = 0.00449 - -
OSCILLATING_MASSES_N_136_1_.13 22336 5 15 8 14 5 - - 0.00773 0.02007  0.00764  0.04463 = 0.00408 - -
OSCILLATING_-MASSES_N_136_1-14 22336 5 16 8 13 5 - - 0.00747 0.02072  0.00768 0.04340 = 0.00417 - -
OSCILLATING_MASSES_N_136_1_15 22336 6 15 9 12 6 - - 0.00835 0.01984  0.00774  0.04062 = 0.00481 - -
OSCILLATING_MASSES_N_136_1_.16 22336 6 16 9 13 6 - - 0.00833 0.02041  0.00778 0.04251 = 0.00472 - -
OSCILLATING_MASSES_N_136_1_17 22336 6 16 9 11 5 - - 0.00830 0.02048 0.00773  0.03879 & 0.00411 - -
OSCILLATING_MASSES_N_136_1_18 22336 5 17 9 12 5 - - 0.00749 0.02231  0.00781 0.04124 & 0.00415 - -
OSCILLATING_MASSES_N_136_1_.19 22336 6 16 8 12 6 - - 0.00835 0.02071  0.00741  0.04067 = 0.00473 - -
OSCILLATING_MASSES_N_156_1_0 25616 6 15 10 13 7 - - 0.01005 0.02309 0.00922 0.04915 = 0.00601 - -
OSCILLATING_-MASSES_N_156_1_1 25616 6 14 8 13 6 - - 0.00959 0.02071  0.00842 0.04941 = 0.00539 - -
OSCILLATING_MASSES_N_156_1_2 25616 7 20 11 14 5 - - 0.01111 0.02926  0.00921 0.05136 | 0.00469 - -
OSCILLATING_MASSES_N_156_1_3 25616 5 16 10 14 ) - - 0.00860 0.02390 0.00897 0.05125 = 0.00467 - -
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Table 8: Iterations and solver runtimes for oscillating masses problems

Iterations Solver Runtime (s)
Problem Size CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM CVXGEN CLARABEL ECOS GUROBI MOSEK QOCO QOCO_CUSTOM  CVXGEN
OSCILLATING_MASSES_N_156_1_4 25616 6 16 10 12 6 - - 0.00953 0.02348 0.00909 0.04725 = 0.00544 - -
OSCILLATING_MASSES_N_156_1_5 25616 5 16 9 12 5 - - 0.00858 0.02381  0.00855 0.04722 = 0.00475 - -
OSCILLATING_MASSES_N_156_1_6 25616 5 15 10 13 5) - - 0.00871 0.02267  0.00897 0.04866 = 0.00466 - -
OSCILLATING_MASSES_N_156_1_7 25616 5 16 8 13 5 - - 0.00842 0.02388 0.00832 0.04869 = 0.00468 - -
OSCILLATING_MASSES_N_156_1_8 25616 5 15 9 12 5 - - 0.00860 0.02269 0.00877 0.04664 = 0.00473 - -
OSCILLATING_MASSES_N_156_1_9 25616 5 15 9 14 5 - - 0.00869 0.02238 0.00865 0.05132 = 0.00481 - -
OSCILLATING_-MASSES_N_156_1_.10 25616 6 15 9 13 6 - - 0.00988 0.02311  0.00865 0.04906 = 0.00544 - -
OSCILLATING_MASSES_N_156_1_11 25616 5 17 9 12 5 - - 0.00842 0.02520 0.00880 0.04729 = 0.00471 - -
OSCILLATING_-MASSES_N_156_1_12 25616 5 15 9 12 5 - - 0.00859 0.02292 0.00881 0.04701 &= 0.00471 - -
OSCILLATING_MASSES_N_156_1_13 25616 5 14 10 12 ) - - 0.00872 0.02105 0.00898 0.04681 = 0.00473 - -
OSCILLATING_MASSES_N_156_1_14 25616 6 16 8 12 6 - - 0.00954 0.02290 0.00847 0.04685 = 0.00539 - -
OSCILLATING_MASSES_N_156_1_15 25616 5 14 8 13 5) - - 0.00860 0.02131  0.00842 0.04894 = 0.00474 - -
OSCILLATING_MASSES_N_156_1_.16 25616 6 13 7 11 6 - - 0.00952 0.01997 0.00811 0.04467 = 0.00543 - -
OSCILLATING_-MASSES_N_156_1_17 25616 5 17 10 13 5 - - 0.00869 0.02538  0.00900 0.04941 = 0.00476 - -
OSCILLATING_MASSES_N_156_1_18 25616 7 16 11 13 7 - - 0.01143 0.02377  0.00915 0.04932 = 0.00598 - -
OSCILLATING_MASSES_N_156_1_.19 25616 5 15 9 13 5 - - 0.00878 0.02218 0.00868 0.04924 = 0.00471 - -
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Table 9: Iterations and solver runtimes for mpc problems

Iterations Solver Runtime (s)
Problem Size QOCO  QOCO_CUSTOM CLARABEL ECOS GUROBI  MOSEK QOCO QOCO_CUSTOM  CLARABEL ECOS GUROBI MOSEK
ATRCRAFT_1 504 9 15 10 11 0.00018 0.00036 0.00053  0.00202 0.00074
AIRCRAFT_10 584 9 15 13 0.00020 0.00041 0.00055 0.00204 0.00081
AIRCRAFT_11 636 11 11 12 23 14 0.00026 0.00054 0.00097  0.00203  0.00099
AIRCRAFT_12 636 11 11 12 23 14 0.00026 0.00055 0.00093  0.00202 0.00100
AIRCRAFT-13 3116 14 14 15 25 19 0.00141 0.00334 0.00523  0.00276  0.00965
AIRCRAFT_2 524 9 17 13 0.00017 0.00035 0.00053  0.00202 0.00085
AIRCRAFT_3 464 14 12 0.00015 0.00025 0.00048  0.00209 0.00070
AIRCRAFT 4 504 15 11 0.00018 0.00035 0.00052  0.00203 0.00076
BALLONPLATE_1 398 10 13 0.00014 0.00023 0.00038  0.00200 0.00081
BALLONPLATE_2 398 12 14 0.00014 0.00023 0.00044  0.00201 0.00083
BALLONPLATE_3 398 14 14 0.00014 0.00026 0.00052  0.00198  0.00084
BALLONPLATE_4 658 15 16 0.00024 0.00053 0.00091  0.00208 0.00126
BINARYDISTILLATIONCOLUMN_1 2936 17 0.00085 0.00162 0.00262  0.00285  0.00252
BINARYDISTILLATIONCOLUMN_2 2936 17 0.00085 0.00164 0.00269  0.00288 0.00251
DCMOTOR_1 564 15 0.00018 0.00048 0.00062  0.00207 0.00084
DCMOTOR-2 1114 17 15 0.00036 0.00099 0.00135  0.00235 0.00140
DCMOTOR_3 5514 21 20 0.00168 0.00532 0.00803 0.00478  0.00868
DCMOTOR-4 5514 17 17 0.00170 0.00370 0.00677  0.00459  0.00823
DCMOTOR_5 1114 18 15 0.00036 0.00161 0.00143  0.00241 0.00140
DCMOTOR_6 1114 17 11 0.00030 0.00110 0.00134  0.00236  0.00119
DOUBLEINVERTEDPENDULUM-1 502 13 16 0.00012 0.00031 0.00054 0.00211  0.00095
DOUBLEINVERTEDPENDULUM_2 502 16 18 0.00016 0.00041 0.00063  0.00210 0.00101
DOUBLEINVERTEDPENDULUM_3 542 15 15 0.00013 0.00033 0.00065  0.00208  0.00094
FIORDOSEXAMPLE_1 119 12 10 0.00005 0.00008 0.00014  0.00193  0.00037
FIORDOSEXAMPLE_2 139 15 10 0.00006 0.00012 0.00019  0.00193  0.00040
FIORDOSEXAMPLE_3 119 - 12 0.00006 0.00009 - 0.00191  0.00039
FORCESEXAMPLE_1 171 13 9 0.00006 0.00010 0.00022 0.00198  0.00046
FORCESEXAMPLE_2 170 13 9 0.00006 0.00010 0.00021  0.00188  0.00046
FORCESEXAMPLE_3 189 17 [79 || 0.00009 0.00014  0.00029  0.00194  0.00050
FORCESEXAMPLE_4 369 15 10 0.00012 0.00020 0.00051  0.00208 0.00076
HELICOPTER._1 201 21 13 0.00006 0.00011 0.00034  0.00198  0.00049
HELICOPTER-2 1051 23 18 0.00032 0.00068 0.00213  0.00256  0.00230
HELICOPTER._3 536 22 18 0.00015 0.00034 0.00105 0.00210 0.00125
NONLINEARCSTR-1 1164 17 11 0.00037 0.00085 0.00112  0.00222 0.00163
NONLINEARCSTR_2 1164 17 11 0.00037 0.00085 0.00112  0.00221 0.00164
NONLINEARCSTR-3 294 16 10 0.00009 0.00019 0.00027  0.00190  0.00050
PENDULUM_1 435 12 14 0.00012 0.00020 0.00041  0.00209 0.00091
PENDULUM_2 432 13 15 0.00014 0.00027 0.00045  0.00206 0.00095
PENDULUM_3 155 10 9 0.00005 0.00008 0.00014  0.00191  0.00039
QUADCOPTER._1 1592 12 9 0.00054 0.00092 0.00136  0.00256  0.00137
QUADCOPTER_2 3172 13 11 0.00105 0.00180 0.00274  0.00353  0.00469
QUADCOPTER_3 7912 13 12 0.00266 0.00446 0.00676  0.00612 0.01181
QUADCOPTER_4 3172 15 16 0.00139 0.00258 0.00383  0.00359  0.00554
QUADCOPTER-5 3072 - - - 0.00705 - 0.00596
QUADCOPTER_6 1678 15 12 0.00055 0.00103 0.00207  0.00265 0.00176
ROBOTARM-_1 276 - 14 0.00008 0.00018 - 0.00196  0.00060
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Problem Size
ROBOTARM_2 1056
SHELL_1 739
SHELL_2 1469
SHELL_3 739
SPACECRAFT_1 1137
SPACECRAFT_2 1137
SPRINGMASS_1 21239
SPRINGMASS_2 2159
SPRINGMASS_3 2144
SPRINGMASS_4 4279
TOYEXAMPLE_1 199
TOYEXAMPLE_2 389
TOYEXAMPLE_3 199
TOYEXAMPLE_4 959
TOYEXAMPLE_H 1909
TRIPLEINVERTEDPENDULUM_1 2739
TRIPLEINVERTEDPENDULUM_2 2919
TRIPLEINVERTEDPENDULUM_3 2919

Table 9: Iterations and solver runtimes for mpc problems

QOCO

QOCO-_CUSTOM

Iterations

CLARABEL

ECOS GUROBI MOSEK QOCO

- 13 21 0.00042
15 11 10 0.00028
16 11 10 0.00062
18 13 14 0.00045
16 10 13 0.00039
16 10 13 0.00042
24 17 40 0.00706
21 10 21 0.00050
21 10 21 0.00045
22 10 23 0.00111
18 9 11 0.00006
18 10 11 0.00012
- 8 15 0.00007
- 14 18 0.00034
- 17 16 0.00062
19 13 12 0.00067
19 13 14 0.00073
19 14 12 0.00079

QOCO_CUSTOM

Solver Runtime (s)

CLARABEL ECOS GUROBI MOSEK
0.00142 - 0.00230  0.00194
0.00056 0.00116  0.00216  0.00096
0.00113 0.00342  0.00269  0.00174
0.00085 0.00139  0.00218 0.00113
0.00074 0.00110  0.00217  0.00167
0.00073 0.00110  0.00214 0.00168
0.03067 0.03561  0.01192  0.10089
0.00110 0.00303  0.00266  0.00665
0.00107 0.00307  0.00247  0.00548
0.00240 0.00637  0.00332  0.01068
0.00013 0.00031  0.00194 0.00054
0.00020 0.00061  0.00207  0.00080
0.00019 - 0.00193  0.00065
0.00071 - 0.00242  0.00217
0.00151 - 0.00312  0.00473
0.00250 0.00369  0.00305  0.00489
0.00265 0.00393  0.00312  0.00589
0.00299 0.00406  0.00317  0.00515
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Table 10: Iterations and solver runtimes for mpc problems on Raspberry Pi CM4

Iterations Solver Runtime (s)
Problem Size QOCO  QOCO_CUSTOM  CLARABEL ECOS GUROBI  MOSEK QOCO QOCO_CUSTOM  CLARABEL ECOS GUROBI MOSEK
AIRCRAFT_1 504 8 8 9 15 10 11 0.00119 0.00062 0.00269 0.00412  0.00340  0.00707
AIRCRAFT_10 584 8 8 9 15 10 13 0.00138 0.00077 0.00313 0.00446  0.00347 0.00794
AIRCRAFT_11 636 11 11 12 23 9 14 0.00179 0.00109 0.00412 0.00736  0.00353  0.00910
AIRCRAFT_12 636 11 11 12 23 9 14 0.00180 0.00106 0.00412 0.00736  0.00357  0.00911
AIRCRAFT_13 3116 14 14 15 25 11 18 0.01000 0.00772 0.02586 0.04058 0.01110 0.07582
AIRCRAFT_2 524 8 8 9 17 10 13 0.00116 0.00063 0.00270 0.00427  0.00332  0.00795
AIRCRAFT-3 464 7 7 7 14 16 12 0.00094 0.00046 0.00195 0.00353  0.00376  0.00642
AIRCRAFT_4 504 8 8 9 15 10 11 0.00116 0.00062 0.00266 0.00420 0.00342 0.00707
BALLONPLATE_1 398 7 7 6 10 12 13 0.00097 0.00049 0.00178 0.00300 0.00335 0.00748
BALLONPLATE_2 398 7 7 6 12 10 14 0.00095 0.00049 0.00181 0.00350 0.00318 0.00781
BALLONPLATE_3 398 7 7 7 14 9 14 0.00095 0.00049 0.00202 0.00408 0.00311 0.00786
BALLONPLATE_4 658 8 8 9 15 11 16 0.00168 0.00099 0.00408 0.00715  0.00427 0.01126
BINARYDISTILLATIONCOLUMN_1 2936 9 9 9 17 12 8 0.00580 0.01131 0.01116 0.02124 0.01104 0.02386
BINARYDISTILLATIONCOLUMN_2 2936 9 9 9 17 12 8 0.00575 0.01131 0.01117 0.02127 0.01106  0.02379
DCMOTOR-1 564 7 7 8 15 10 14 0.00122 0.00062 0.00354 0.00484 0.00362 0.00749
DCMOTOR-2 1114 8 8 9 17 11 15 0.00248 0.00149 0.00733 0.01050 0.00629 0.01249
DCMOTOR_3 5514 8 8 10 21 15 20 0.01203 0.01840 0.04402 0.06524  0.02860  0.07430
DCMOTOR-4 5514 8 8 8 17 14 18 0.01211 0.01900 0.03211 0.05546  0.02706  0.07030
DCMOTOR_5 1114 8 8 12 18 15 15 0.00253 0.00149 0.01157 0.01107  0.00696  0.01253
DCMOTOR_6 1114 6 6 7 17 11 11 0.00203 0.00112 0.00807 0.01027  0.00620 0.01057
DOUBLEINVERTEDPENDULUM-1 502 5 5 6 13 10 16 0.00081 0.00034 0.00226 0.00399 0.00412 0.00896
DOUBLEINVERTEDPENDULUM_2 502 8 8 9 16 12 18 0.00106 0.00054 0.00304 0.00487  0.00439  0.00966
DOUBLEINVERTEDPENDULUM_3 542 5 5 6 15 11 15 0.00087 0.00042 0.00254 0.00507  0.00430 0.00876
FIORDOSEXAMPLE_1 119 8 8 7 12 13 10 0.00035 0.00013 0.00065 0.00109  0.00260  0.00378
FIORDOSEXAMPLE_2 139 7 7 8 15 11 10 0.00039 0.00015 0.00087 0.00150  0.00257  0.00412
FIORDOSEXAMPLE_3 119 10 10 8 - 10 12 0.00040 0.00016 0.00073 - 0.00254  0.00420
FORCESEXAMPLE_1 171 7 7 7 13 12 9 0.00041 0.00016 0.00081 0.00166  0.00299  0.00438
FORCESEXAMPLE_2 170 7 7 7 13 12 9 0.00040 0.00016 0.00080 0.00165  0.00260  0.00436
FORCESEXAMPLE_3 189 9 9 9 17 10 9 0.00053 0.00023 0.00107 0.00220 0.00293 0.00461
FORCESEXAMPLE_4 369 7 7 7 15 12 10 0.00080 0.00037 0.00154 0.00386  0.00430 0.00688
HELICOPTER._1 201 4 4 4 21 8 13 0.00036 0.00012 0.00089 0.00272  0.00279  0.00489
HELICOPTER-2 1051 6 6 5 23 12 18 0.00211 0.00115 0.00521 0.01677  0.00814  0.02049
HELICOPTER._3 536 5 5) 5 22 10 18 0.00100 0.00047 0.00254 0.00849 0.00416 0.01112
NONLINEARCSTR-1 1164 9 9 10 17 11 11 0.00252 0.00157 0.00628 0.00847  0.00518 0.01402
NONLINEARCSTR_2 1164 9 9 10 17 11 11 0.00256 0.00156 0.00628 0.00854  0.00532  0.01406
NONLINEARCSTR-3 294 7 7 8 16 9 10 0.00060 0.00027 0.00144 0.00209 0.00249 0.00464
PENDULUM_1 435 6 6 5 12 10 14 0.00077 0.00036 0.00157 0.00319 0.00410 0.00818
PENDULUM_2 432 8 8 8 13 14 15 0.00095 0.00045 0.00204 0.00357  0.00387  0.00848
PENDULUM_3 155 5 5 5 10 7 9 0.00030 0.00010 0.00066 0.00108 0.00261  0.00391
QUADCOPTER_1 1592 7 7 7 12 12 9 0.00396 0.00243 0.00720 0.01123  0.00802 0.01164
QUADCOPTER_2 3172 7 7 7 13 14 11 0.00780 0.01244 0.01476 0.02334 0.01693  0.03680
QUADCOPTER_3 7912 7 7 7 13 14 12 0.02108 0.04678 0.04315 0.06630 0.04018 0.10297
QUADCOPTER_4 3172 10 10 10 15 15 16 0.01023 0.01771 0.02109 0.03264 0.01788  0.04493
QUADCOPTER-H 3072 - - 26 - 41 17 - - 0.05530 - 0.03746  0.04395
QUADCOPTER_6 1678 7 7 7 15 13 12 0.00402 0.00242 0.00802 0.01719  0.00973  0.01508
ROBOTARM-_1 276 5 5 5 - 9 14 0.00055 0.00026 0.00141 - 0.00264 0.00571
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Iterations Solver Runtime (s)
Problem Size QOCO  QOCO_CUSTOM CLARABEL ECOS GUROBI  MOSEK QOCO QOCO_CUSTOM  CLARABEL ECOS GUROBI MOSEK
ROBOTARM_2 1056 - 13 21 0.00299 0.01070 - 0.00626  0.01790
SHELL_1 739 15 11 10 0.00204 0.00439 0.00987  0.00458  0.00870
SHELL_2 1469 16 11 10 0.00441 0.00855 0.03081  0.00906 0.01513
SHELL_3 739 18 13 14 0.00299 0.00676 0.01176  0.00486  0.01032
SPACECRAFT-1 1137 16 10 13 0.00277 0.00574 0.00914  0.00493 0.01506
SPACECRAFT_2 1137 16 10 13 0.00282 0.00573 0.00909 0.00492 0.01510
SPRINGMASS_1 21239 24 17 38 0.13057 0.30883 0.38543 0.10140 1.22315
SPRINGMASS_2 2159 21 10 22 0.00349 0.00835 0.02429 0.00923 0.05544
SPRINGMASS_3 2144 21 10 20 0.00313 0.00830 0.02390 0.00776  0.04574
SPRINGMASS_4 4279 22 10 23 0.01100 0.01945 0.05134  0.01577  0.10208
TOYEXAMPLE_1 199 18 9 11 0.00040 0.00095 0.00248 0.00294 0.00511
TOYEXAMPLE_2 389 18 10 11 0.00070 0.00152 0.00473  0.00405 0.00726
TOYEXAMPLE_3 199 - 8 16 0.00040 0.00138 - 0.00287  0.00687
TOYEXAMPLE_4 959 - 14 18 0.00220 0.00524 - 0.00783  0.02018
TOYEXAMPLE_H 1909 - 16 16 0.00421 0.01133 - 0.01402  0.04397
TRIPLEINVERTEDPENDULUM_1 2739 19 13 12 0.00455 0.01759 0.02749  0.01362  0.04081
TRIPLEINVERTEDPENDULUM_2 2919 19 13 13 0.00513 0.01964 0.03116  0.01380 0.04592
TRIPLEINVERTEDPENDULUM_3 2919 19 14 11 0.00557 0.02136 0.03097 0.01431 0.04066
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Iterations Solver Runtime (s)

Problem Size QOCO  CLARABEL ECOS GUROBI  MOSEK QOCO CLARABEL ECOS GUROBI MOSEK
AUG2D 59800 0 0 - 2 14 0.00958 0.01984 - 0.02289 0.31375
AUG2DC 60200 0 0 - 2 12 0.01347 0.01958 - 0.02400 0.23210
AUG2DCQP 80400 11 12 - 17 - 0.08231 0.13210 - 0.05561 -
AUG2DQP 80000 11 13 - 19 - 0.07272 0.13726 - 0.05924 -
AUG3D 9219 0 0 13 2 8 0.00148 0.00230 0.03595 0.00389 0.03126
AUG3DC 10419 0 0 14 2 7 0.00201 0.00302 0.03647 0.00928 0.01731
AUG3DCQP 14292 9 10 29 16 10 0.01278 0.01802 0.08718 0.01828 0.02658
AUG3DQP 13092 11 11 31 18 17 0.01532 0.01932 0.08252 0.01974 0.10652
BOYD1 745507 37 - - 30 0.93186 - - 0.31081 -
BOYD2 517049 68 - - 90 - 1.79598 - - 0.87993 -
CONT-050 19796 10 9 24 10 18 0.03774 0.04240 0.10226 0.01759 0.08744
CONT-100 79596 11 9 22 12 20 0.27128 0.33981 0.67966 0.08552 0.35265
CONT-101 72693 10 10 - 11 80 0.30443 0.43120 - 0.08288 1.72033
CONT-200 319196 13 10 30 12 24 3.08655 4.03513 8.48776 0.39624 1.77756
CONT-201 290393 12 10 - 12 - 3.68995 5.09101 - 0.37022 -
CONT-300 653093 12 10 - 12 - 13.65596 15.11321 - 0.84948 -
CVXQP1_L 74982 - 10 - 13 34 - 20.36505 - 1.39803 127.34169
CVXQP1-M 7482 13 10 - 14 22 0.04193 0.03792 - 0.05341 0.45150
CVXQP1_S 734 8 8 12 11 12 0.00050 0.00076 0.01201 0.00416 0.00402
CVXQP2_L 67483 22 9 - 15 23 14.21961 8.60789 - 0.47604  390.09870
CVXQP2_M 6733 13 9 30 12 16 0.02790 0.02295 10.49264  0.02690 0.70517
CVXQP2_S 660 8 9 12 12 10 0.00035 0.00058 0.01285 0.00294 0.00394
CVXQP3_L 82481 - 10 - 18 24 - 21.84589 - 2.47151 106.68357
CVXQP3_-M 8231 3 11 - 14 24 0.09018 0.05447 - 0.08596 0.55480
CVXQP3_S 808 9 10 13 12 14 0.00052 0.00086 0.01384 0.00406 0.00455
DPKLO1 1652 0 0 13 2 5 0.00016 0.00025 0.00173 0.00276 0.00111
DTOC3 49994 4 6 - 2 14 0.01034 0.02675 - 0.01440 0.13182
DUAL1L 3813 10 12 14 15 12 0.00173 0.00259 0.00275 0.00672 0.00236
DUAL2 4796 8 10 13 13 8 0.00144 0.00237 0.00345 0.00495 0.00281
DUAL3 6441 9 11 13 15 7 0.00287 0.00433 0.00484 0.00864 0.00370
DUAL4 3024 8 11 13 14 13 0.00105 0.00190 0.00228 0.00526 0.00334
DUALC1 1998 23 11 29 12 14 0.00088 0.00079 0.00184 0.00230 0.00084
DUALC2 1645 18 10 13 9 15 0.00053 0.00056 0.00085 0.00207 0.00080
DUALC5 2276 10 10 18 11 12 0.00047 0.00071 0.00116 0.00244 0.00067
DUALCS 4076 14 9 27 10 17 0.00104 0.00143 0.00446 0.00241 0.00098
EXDATA 1137750 16 21 19 11 13 4.14068 5.91543 41.02600 0.93205 0.88089
GENHS28 43 0 0 9 1 5 0.00001 0.00002 0.00006 0.00262 0.01276
GOULDQP2 3142 9 12 20 11 7 0.00177 0.00315 0.56048 0.00697 0.04653
GOULDQP3 3840 6 7 25 8 16 0.00103 0.00196 3.92135 0.00670 0.17622
HS118 108 11 11 9 12 10 0.00008 0.00012 0.00010 0.00250 0.00051
HS21 8 9 8 8 0 11 0.00002 0.00003 0.00003 0.00205 0.00034
HS268 40 5) 10 15 12 15 0.00003 0.00007 0.00009 0.00301 0.00053
HS35 11 ) 7 10 9 9 0.00002 0.00005 0.00003 0.00266 0.00999
HS35MOD 12 9 11 11 9 13 0.00002 0.00004 0.00003 0.00203 0.00031
HS51 14 0 0 7 2 7 0.00001 0.00002 0.00004 0.00201 0.00025
HS52 14 0 0 7 2 6 0.00001 0.00003 0.00004 0.00266 0.00030
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Iterations Solver Runtime (s)

Problem Size QOCO  CLARABEL ECOS GUROBI  MOSEK QOCO CLARABEL ECOS GUROBI MOSEK
HS53 24 ) 6 9 8 6 0.00003 0.00005 0.00007 0.00261 0.00047
HS76 20 6 6 10 9 7 0.00002 0.00004 0.00004 0.00232 0.00054
HUES-MOD 39968 13 12 - 13 18 0.02211 0.02751 - 0.01053 0.07958
HUESTIS 39968 7 8 - 14 - 0.01247 0.02049 - 0.01075 -

KSIP 18871 14 14 21 17 11 0.00483 0.00848 0.00887 0.01248 0.00428
LASER 9216 10 10 - 21 24 0.00295 0.00418 - 0.02075 0.03384
LISWET1 40002 - - - 27 45 - - - 0.09196 0.50075
LISWET10 40002 - - - 125 20 - - - 0.40801 0.15746
LISWET11 40002 - - - 40 31 - - - 0.13571 0.27070
LISWET12 40002 - - - - 51 - - - - 0.61876
LISWET2 40002 9 17 - 15 20 0.01736 0.04994 - 0.05463 0.15266
LISWET3 40002 9 16 - 13 20 0.01723 0.05153 - 0.04864 0.15546
LISWET4 40002 10 22 - 13 20 0.01496 0.05909 - 0.05490 0.15414
LISWET5 40002 8 9 - 13 24 0.01327 0.03012 - 0.05090 0.20424
LISWET®6 40002 9 17 - 13 21 0.01726 0.05086 - 0.04968 0.17387
LISWETT 40002 11 - 58 46 0.01622 - - 0.23969 0.53076
LISWETS 40002 - - - 417 57 - - - 1.72564 0.69070
LISWET9 40002 - - - - 53 - - - - 0.63997
LOTSCHD 72 7 8 18 10 13 0.00004 0.00006 0.00012 0.00201 0.00053
MOSARQP1 8467 9 10 24 16 12 0.00509 0.00884 0.03554 0.01028 0.01954
MOSARQP2 4775 8 9 27 16 13 0.00384 0.00567 0.02281 0.00931 0.01393
POWELL20 30000 38 - - 60 - 0.05336 - - 0.20098 -

PRIMAL1 6140 12 9 17 18 11 0.00330 0.00377 0.00911 0.00539 0.00803
PRIMAL2 8691 11 8 16 17 7 0.00437 0.00506 0.01278 0.00645 0.00473
PRIMAL3 22292 11 8 18 18 8 0.01258 0.01602 0.03150 0.01333 0.01050
PRIMAL4 17520 9 9 16 16 9 0.01190 0.01330 0.02602 0.00949 0.01691
PRIMALC1 2514 25 16 27 11 14 0.00216 0.00148 0.00321 0.00279 0.00321
PRIMALC2 2076 24 15 30 10 12 0.00120 0.00119 0.00306 0.00213 0.00196
PRIMALCS 2860 20 13 14 11 11 0.00141 0.00145 0.00216 0.00210 0.00236
PRIMALCS 5182 20 12 14 9 13 0.00247 0.00326 0.00375 0.00220 0.00417
Q25FVA4T7 71470 27 25 33 27 41 0.16469 0.17414 4.81007 0.08488 0.33967
QADLITTL 567 11 13 17 12 16 0.00037 0.00070 0.00128 0.00330 0.00193
QAFIRO 121 15 13 15 12 14 0.00015 0.00021 0.00018 0.00265 0.00661
QBANDM 3007 21 20 30 21 17 0.00283 0.00447 0.00984 0.00504 0.00617
QBEACONF 3664 12 - 29 11 14 0.00182 - 0.00648 0.00268 0.00234
QBORE3D 1834 18 28 24 11 15 0.00198 0.00440 0.00724 0.00253 0.00180
QBRANDY 2462 19 18 27 17 14 0.00299 0.00430 0.00576 0.00514 0.00510
QCAPRI 3147 40 31 - 29 21 0.00544 0.00852 - 0.00698 0.01174
QE226 3824 18 24 22 19 18 0.00422 0.00677 0.02736 0.00802 0.01922
QETAMACR 7761 26 19 26 21 21 0.05323 0.04463 0.94189 0.01268 0.06093
QFFFFF80 8997 93 25 45 26 26 0.06986 0.02945 0.42187 0.01826 0.09688
QFORPLAN 5591 28 21 - 23 - 0.00554 0.00757 - 0.00635 -

QGFRDXPN 3889 24 20 - 19 - 0.00537 0.00846 - 0.00708 -

QGROW15 7365 18 20 17 17 22 0.00529 0.00997 0.00961 0.00758 0.01993
QGROW22 10930 22 25 20 19 24 0.00963 0.01915 0.01957 0.01047 0.04234
QGROW7 3550 19 21 16 17 21 0.00292 0.00498 0.00441 0.00494 0.01086
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Iterations Solver Runtime (s)

Problem Size QOCO  CLARABEL ECOS GUROBI  MOSEK QOCO CLARABEL ECOS GUROBI MOSEK
QISRAEL 3109 26 25 30 21 22 0.00340 0.00542 0.00873 0.01089 0.01127
QPCBLEND 657 16 16 17 19 20 0.00055 0.00088 0.00115 0.00355 0.00547
QPCBOEI1 4743 21 15 - 22 44 0.00557 0.00623 - 0.00675 0.04344
QPCBOEI2 1623 40 19 - 27 35 0.00236 0.00273 - 0.00413 0.00854
QPCSTAIR 4872 25 22 - 21 34 0.00806 0.01108 - 0.01309 0.02036
QPILOTNO 16258 38 31 39 26 29 0.07808 0.09577 0.32104 0.03651 0.11626
QPTEST 10 5 7 9 11 10 0.00002 0.00003 0.00003 0.00204 0.00030
QRECIPE 988 18 16 19 19 18 0.00111 0.00149 0.00185 0.00347 0.00222
QSC205 775 15 18 17 17 22 0.00085 0.00158 0.00146 0.00349 0.00221
QSCAGR25 2182 17 19 34 18 31 0.00173 0.00351 0.00796 0.00450 0.01722
QSCAGRT 585 15 15 29 18 49 0.00042 0.00081 0.00128 0.00274 0.00534
QSCFXM1 3779 26 25 36 23 35 0.00385 0.00677 0.02216 0.00790 0.03538
QSCFXM2 7228 32 30 37 31 37 0.01037 0.01937 0.04069 0.01564 0.06499
QSCFXM3 10369 31 32 35 29 43 0.01834 0.02726 0.06242 0.01993 0.10596
QSCORPIO 1824 15 11 13 15 14 0.00122 0.00165 0.00236 0.00320 0.00257
QSCRS8 4472 23 31 33 26 24 0.00487 0.01325 0.01523 0.00647 0.01403
QSCSD1 3893 11 10 12 13 9 0.00251 0.00348 0.00695 0.00614 0.00966
QSCSD6 7070 14 13 16 15 13 0.00372 0.00569 0.02306 0.00688 0.04069
QSCSDS8 13844 11 10 15 14 10 0.00644 0.00955 0.05031 0.01281 0.03718
QSCTAP1 2325 15 10 10 0 12 0.00173 0.00191 0.00247 0.00246 0.01201
QSCTAP2 9371 14 10 10 0 9 0.00771 0.00859 0.02937 0.00252 0.06080
QSCTAP3 12401 16 11 11 0 10 0.01539 0.01249 0.06928 0.00262 0.06155
QSEBA 6548 30 29 - 20 34 0.00622 0.01452 - 0.00404 0.01449
QSHARE1B 1415 28 28 43 21 26 0.00190 0.00319 0.00469 0.00467 0.02870
QSHARE2B 828 19 15 24 18 21 0.00060 0.00086 0.00130 0.00313 0.00202
QSHELL 40488 28 36 - 38 26 0.09449 0.12115 - 0.07993 0.18460
QSHIP04L 8506 14 15 25 17 22 0.00711 0.00944 0.01949 0.00936 0.01942
QSHIP04S 5866 14 14 25 16 20 0.00358 0.00600 0.01307 0.00542 0.01263
QSHIPOSL 52050 14 15 28 19 17 0.09698 0.12749 11.94011 | 0.04549 0.47082
QSHIP08S 21178 14 15 27 20 17 0.01986 0.02778 1.55641 0.02175 0.15395
QSHIP12L 83825 18 15 32 18 29 0.20070 0.19269 72.93811 = 0.05007 2.43260
QSHIP12S 28344 18 15 32 17 19 0.02393 0.02954 7.88479 0.01928 0.33531
QSIERRA 11557 22 26 38 18 30 0.01250 0.02299 0.04104 0.01296 0.05868
QSTAIR 5423 23 33 32 20 38 0.01015 0.01912 0.02920 0.00891 0.03350
QSTANDAT 5030 24 20 11 18 18 0.00456 0.00757 0.03674 0.00550 0.05588
S268 40 ) 10 15 12 15 0.00002 0.00005 0.00007 0.00239 0.00047
STADAT1 15997 20 115 - - - 0.01204 0.01224 - - -

STADAT2 15997 17 44 - 18 21 0.00891 0.04415 - 0.01993 0.04982
STADAT3 31997 16 54 28 26 22 0.01792 0.10851 0.07749 0.04597 0.07562
STCQP1 48135 7 7 28 9 11 0.03430 0.04184 0.31809 0.00664 0.02806
STCQP2 48135 7 8 25 10 11 0.07536 0.10185 0.51387 0.03917 0.04279
TAME 7 4 5 5 6 4 0.00002 0.00004 0.00003 0.00259 0.00034
UBHI1 66033 7 17 - 6 11 0.02002 0.07995 - 0.01160 0.05267
VALUES 4428 11 13 - - - 0.00165 0.00226 - - -

YAO 8007 - - - 28 34 - - - 0.01528 0.05277
ZECEVIC2 9 6 7 8 8 7 0.00003 0.00005 0.00004 0.00255 0.00106
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Table 12: Iterations and solver runtimes for SuiteSparse problems

Iterations Solver Runtime (s)

Problem Size QOCO CLARABEL ECOS GUROBI  MOSEK QOCO CLARABEL ECOS GUROBI MOSEK
ANSYS_DELOR295K_HUBER 4471461 7 7 8 - 4 3.12931 5.19758 10.03436 - 3.17687
ANSYS_DELOR295K_LASSO 10288503 7 7 - 12 33 7.50801 12.16215 - 12.36872  24.15621
ANSYS_DELOR338K_HUBER 6614251 7 7 - 0 4 4.05127 6.12029 - 0.92594 3.42096
ANSYS_DELOR338K_LASSO 8446303 7 6 - 15 23 5.27505 7.54937 - 13.85264  13.07142
ANSYS_DELOR64K_HUBER 1105173 6 7 7 0 3 1.30160 2.34456 2.86475 0.41221 1.00721
ANSYS_DELOR64K_LASSO 7922958 7 7 - 17 20 6.12221 9.98326 - 4.06191 13.62744
HB_ABB313_HUBER 3748 8 8 14 11 12 0.00124 0.00205 0.00550 0.00456 0.00744
HB_ABB313_LASSO 2887 6 6 22 8 11 0.00085 0.00129 0.00467 0.00434 0.00264
HB_ASH219_HUBER 1971 7 7 12 10 11 0.00064 0.00105 0.00312 0.00369 0.00461
HB_ASH219_LASSO 1216 8 8 18 9 11 0.00043 0.00068 0.00142 0.00359 0.00127
HB_ASH292_HUBER 4252 6 6 13 8 8 0.00171 0.00263 0.00664 0.00551 0.01193
HB_ASH292_LASSO 3960 8 8 24 9 15 0.00195 0.00273 0.00825 0.00678 0.00735
HB_ASH331_HUBER 2979 8 8 12 10 12 0.00104 0.00169 0.00456 0.00451 0.00679
HB_AsH331_LASSO 1740 7 7 20 10 10 0.00055 0.00089 0.00226 0.00467 0.00174
HB_ASH608_HUBER 5472 8 8 14 11 12 0.00192 0.00315 0.00993 0.00690 0.01230
HB_ASH608_LASSO 3184 7 7 21 9 11 0.00102 0.00163 0.00458 0.00759 0.00376
HB_ASH85_HUBER 1118 5 5 6 6 3 0.00038 0.00057 0.00084 0.00264 0.00222
HB_ASH85_LASSO 1033 7 7 16 9 10 0.00042 0.00061 0.00120 0.00295 0.00153
HB_ASHI958_HUBER 8622 8 8 14 10 12 0.00302 0.00499 0.01556 0.01024 0.01923
HB_ASH958_LASSO 5000 7 7 23 9 12 0.00154 0.00250 0.00853 0.01077 0.00546
HB_1LLC1033_HUBER 11950 6 6 11 6 9 0.00307 0.00676 0.01472 0.01855 0.02622
HB_1LLC1033_LASSO 8065 6 19 32 9 43 0.00231 0.00883 0.01289 0.00981 0.03614
HB_1LLC1850_HUBER 21586 6 6 14 8 9 0.00669 0.01189 0.03405 0.02046 0.05253
HB_1LLC1850_LASSO 15184 6 13 - 7 42 0.00443 0.01323 - 0.01773 0.07218
HB_WELL1033_HUBER 11963 6 6 11 7 9 0.00307 0.00518 0.01379 0.01955 0.02565
HB_WELL1033_LASSO 8078 6 13 - 8 27 0.00185 0.00573 - 0.00885 0.01698
HB_WELL1850_HUBER 21705 6 6 14 7 9 0.00622 0.00968 0.03297 0.01690 0.04740
HB_WELL1850_LASSO 15303 6 12 - 8 40 0.00432 0.01136 - 0.01770 0.07075
NYPA_MARAGAL_1_HUBER 458 5 5) 10 7 8 0.00012 0.00018 0.00045 0.00237 0.00102
NYPA_MARAGAL_1_LASSO 354 8 8 12 10 10 0.00011 0.00018 0.00020 0.00217 0.00051
NYPA_MARAGAL_2_HUBER 8242 6 7 12 9 11 0.00304 0.00456 0.01130 0.01764 0.01897
NYPA_MARAGAL_2_LASSO 6867 6 6 14 8 11 0.00243 0.00328 0.00613 0.01660 0.00786
NYPA_MARAGAL_3_HUBER 30221 6 7 12 9 10 0.02718 0.03827 0.07005 0.04743 0.12791
NYPA_MARAGAL_3_LASSO 25211 7 6 15 8 10 0.03499 0.03233 0.06423 0.04115 0.05463
NYPA_MARAGAL_4_HUBER 40467 6 6 12 8 55 0.06713 0.08642 0.14732 0.05997 0.74862
NYPA_MARAGAL_4_LASSO 34783 6 6 17 7 9 0.06302 0.07162 0.17837 0.05356 0.07373
NYPA_MARAGAL_5_HUBER 125669 6 7 14 14 82 0.47005 0.60018 1.05444 0.17352 3.24096
NYPA_MARAGAL_5_LASSO 115679 7 7 22 14 11 0.51054 0.54681 1.35915 0.19943 0.27376
NYPA_MARAGAL_6_HUBER 686479 6 6 13 - 65 18.85022 26.29638 47.81607 - 30.89082
NYPA_MARAGAL_6_LASSO 620812 7 7 - 13 13 20.08794 27.58199 - 1.69537 3.33290
NYPA_MARAGAL_7_HUBER 1528452 6 9 37 - - 36.98824 55.93122 236.53158 - -
NYPA_MARAGAL_7_LASSO 1400483 7 6 - 13 11 38.76392 41.96500 - 4.47169 5.46443
NYPA_MARAGAL_8_HUBER 1540899 6 6 13 - 16 22.18652 25.05274 45.98680 - 10.81397
NYPA_MARAGAL_8_LASSO 1675147 7 7 - 12 14 24.59839 29.16281 - 5.67463 7.79855
PEREYRA_LANDMARK_HUBER 1650512 8 8 16 9 11 0.75585 1.39359 3.07564 1.48089 4.40789
PEREYRA_LANDMARK_LASSO 1301568 7 7 - 12 24 0.50615 0.80743 - 1.37256 0.99517
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