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Barrier Method for Inequality Constrained Factor Graph Optimization

with Application to Model Predictive Control

Anas Abdelkarim 2, Daniel Gorges~ 2, and Holger Voos

Abstract—Factor graphs have demonstrated remarkable ef-
ficiency for robotic perception tasks, particularly in localiza-
tion and mapping applications. However, their application to
optimal control problems—especially Model Predictive Control
(MPC)—has remained limited due to fundamental challenges in
constraint handling. This paper presents a novel integration of
the Barrier Interior Point Method (BIPM) with factor graphs,
implemented as an open-source extension to the widely adopted
g20 framework. Our approach introduces specialized inequality
factor nodes that encode logarithmic barrier functions, thereby
overcoming the quadratic-form limitations of conventional factor
graph formulations. To the best of our knowledge, this is the
first g2o0-based implementation capable of efficiently handling the
constraints within a unified optimization backend. We validate
the method through a multi-objective adaptive cruise control
application for autonomous vehicles. Benchmark comparisons
with state-of-the-art constraint-handling techniques demonstrate
faster convergence and improved computational efficiency. (Code
repository: https://github.com/snt-arg/bipm_g2o0)
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I. INTRODUCTION

ACTOR graphs have emerged as a powerful paradigm for

robotic perception, enabling efficient modeling of large-
scale probabilistic inference problems through their sparse
graphical structure [1]. These models are typically solved
using gradient-based optimization techniques and have been
widely adopted in applications such as Simultaneous Local-
ization and Mapping (SLAM) and situational awareness [2].

However, extending factor graphs to optimal control tasks—
particularly Model Predictive Control (MPC) [3], [4]—
introduces significant new challenges. Unlike perception prob-
lems, control applications require rigorous enforcement of both
equality and inequality constraints, e.g., to ensure feasibility
and safety [5].

While MPC problems are traditionally formulated using
domain-specific modeling tools such as CasADi [6] or AMPL
[71, [8], factor graphs offer a compelling unified framework
that bridges perception and control. This integration can enable
shared representations across both domains, [9], simplifying
system architecture and enhancing consistency and perfor-
mance in complex robotic systems.
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Several works in the literature have addressed the incorpo-
ration of equality constraints into factor graphs, e.g., [9], [10].
For inequality constraints, the Augmented Lagrangian (AL)
method [11] has been the de facto choice due to its com-
patibility with the quadratic cost structure of standard factor
graphs. However, Interior Point Methods (IPMs) offer superior
theoretical properties, including polynomial-time complexity
and improved numerical stability, especially for large-scale
nonlinear optimization problems [12], [13]. Despite these
advantages, IPMs have not yet been systematically integrated
into factor graph-based formulations.

The key novelty of this work is the first systematic integra-
tion of IPMs into factor graphs via a novel class of inequality
factor nodes that encode logarithmic barrier functions. Unlike
the quadratic penalties used in AL, these barrier terms are
inherently non-quadratic and do not naturally conform to
conventional factor graph representations.

We address this challenge by introducing specialized in-
equality factors capable of directly representing logarithmic
barriers, thus enabling efficient and direct enforcement of
inequality constraints within the factor graph framework. This
advancement allows the computational and convergence ben-
efits of IPMs [14] to be realized in structured probabilistic
optimization settings, while preserving the modularity and
interpretability of factor graphs.

We implement our proposed method as an open-source
extension to the g2o library and validate it against the state-of-
the-art AL-based approach in the factor graph literature. Our
implementation preserves a shared front-end abstraction across
both BIPM and AL methods, simplifying constraint insertion
and emphasizing algorithmic modularity. The resulting new
solver is evaluated on a high-performance MPC framework for
autonomous driving, specifically for a multi-objective adaptive
cruise control (MACC) task. This application is representative
of real-world robotics control tasks with multiple critical
inequality constraints for safety and comfort.

The complete C++ implementation is publicly avail-
able for reproducibility and further development under
https://github.com/snt-arg/bipm_g20).

II. RELATED WORK

Factor graphs have been extensively studied as an efficient
framework for probabilistic inference in robotic perception
[1]. Recent developments, as reviewed comprehensively in [9],
have extended factor graphs to optimization-based control, also
revealing their potential as a unified representation for both
perception and control.

Incorporating equality constraints into least-squares formu-
lations has a long history in optimization. In the context
of robotics, several works have adapted these principles to
factor graph frameworks. For instance, weighted penalty terms
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have been used to encode equality constraints in factor graph
formulations, with applications in trajectory generation for
autonomous vehicles [15]. In addition, Ta et al. [16] utilized
SQP to solve optimization problems (OPs) with nonlinear
equality-constrained factor graphs, applying them to flight
control with obstacle avoidance for a quadrotor.

Moreover, Bai et al. [10] presented a constrained formu-
lation for pose-graph SLAM, where loop-closure cycles are
explicitly represented as equality constraints, and proposed an
incremental SQP-based SLAM algorithm (iSQP) for solving
the optimization. Furthermore, in our previous work [17],
we have extended the Gauss-Newton approach, aligning with
SQP, to provide a practical g2o implementation of equality
constraints.

In this work, we focus on the inequality-constrained case,
where direct factor graph integration remains less explored
and presents distinct challenges compared to the equality case.
Xie et al. [18] introduced box constraints into a factor graph-
based MPC framework using hinge loss functions as soft
penalties. Similar approaches were adopted by King-Smith et
al. [19] and Yang et al. [20]. However, hinge loss functions
penalize constraint violations based on current variable esti-
mates, which are often inaccurate in the early stages of the
optimization process. This can result in unnecessary penalties
or potentially slowing the convergence.

To address these limitations, Augmented Lagrangian (AL)
methods have been explored as a more principled approach
for constraint enforcement in factor graph optimization. The
ICS framework by Sodhi et al. [21] integrates AL with the
iSAM algorithm to support incremental constrained smooth-
ing, assuming fixed linearization points. Qadri er al. [22]
introduced Incremental Constrained Optimization (InCOpt)
within the iISAM?2 framework. They employed the Augmented
Lagrangian (AL) method in combination with fluid lineariza-
tion techniques to achieve more efficient constraint handling.
However, they reported that the algorithm may yield under-
determined systems if an inequality constraint is satisfied and
inactivated. Building on this line of work, Bazzana et al. [5]
developed an AL-based solver for SRRG2 and demonstrated
its applicability in both pose estimation and real-world MPC
tasks.

Despite these advances, AL methods are known to be
highly sensitive to hyperparameter tuning, including penalty
coefficients, their update strategies, and the maximum number
of inner and outer iterations. This sensitivity often leads to
fragility in practical applications. Our analysis reveals that the
tuning parameters used in [5] differ significantly from those
suitable in our application, highlighting the strong context-
dependence of AL-based methods.

In contrast, Barrier Interior Point Methods (BIPMs) offer
a compelling alternative. They exhibit faster convergence
rates [23], require fewer hyperparameters, and demonstrate
greater robustness across a variety of problem settings [12].
However, BIPMs have not been systematically integrated into
factor graph optimization, primarily due to the incompatibility
between logarithmic barrier terms and the sum-of-squares cost
structure of conventional factor graphs.

This motivates our work, which introduces a novel class of
inequality factor nodes that encode barrier terms, enabling the
first direct integration of BIPM into factor graph-based control
frameworks. This integration fills a major methodological gap

and expands the capabilities of factor graphs for constrained
optimization in robotics and autonomous systems.

III. PRELIMINARIES

Factor graphs are probabilistic graphical models consist-
ing of two types of nodes: variable nodes, which repre-
sent unknown states or parameters, and factor nodes, which
encode constraints or relationships among these variables.
In maximum a posteriori (MAP) inference, the goal is to
maximize the joint probability distribution defining the factors,
which factorizes according to the graph structure. This can be
expressed as

I 1 9
X MAP _ arg;(nax H exp (—2 lle; (X)||Qj> , (1)
j=1

where X is the stacked vector containing all variable nodes,
||e|\?2 = eTQe denotes the Mahalanobis norm, exp (.) is the
exponential function, and .T represents the transpose operator
for vectors or matrices. The term e; is the error function
associated with factor node j, and €; is the positive-definite
information matrix of edge j, typically the inverse of the
covariance matrix. The MAP objective can be reformulated
as a weighted least squares problem [9, §1I1.B]

Y MAP _ arg)r(nin > lle; (X)Héj 2)

Jj=1

In the error functions are typically highly nonlinear. There-
fore, a first-order linear approximation is applied around a
reference point X"

&5 (X) = e;(X") + Jo, (X)X — X7, 3)

where J.,(X") is the Jacobian matrix of the error function
associated with factor node j, evaluated at the linearization
point X°.

Applying the first-order optimality condition, which states
that the gradient of the cost function vanishes at an optimum,
the Gauss-Newton update step can be derived as

ST, (X, AXg =D =0, (X)) Qe (X)) &)
J=1 N—— j=1 o
Hi L

€j

Each factor node contributes a block to the overall linear
system used to compute the update step. We refer to such
factor nodes as “cost factor nodes” to distinguish them from
the constraint factor nodes introduced later.

In the following section, we describe how inequality con-
straints are integrated into the factor graph formulation using
the Barrier Interior Point Method (BIPM).

IV. METHODOLOGY

This section presents the BIPM from an optimization per-
spective [24] and describes incorporating inequality constraints
into the factor graphs. Consider the constrained OP

min Z;HeAX)IIéJ (5a)
Jj=

st hy(X) =0 =10 (5b)
g;(X) <0 Lo.,q (50
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Fig. 1. The approximation of the barrier function

where h; : R" — R%; are equality constraints and g; : R™ —
R%: are inequality constraints. For handling the equality
constraints, we adopt the framework presented in [17].

A. Barrier Interior Point Method

The core idea of the Interior Point Method (IPM) is to
incorporate inequality constraints into the objective function
using a barrier function. With an ideal barrier function I(-),
the OP is reformulated as

r q
. 2
min > fle;(X)llg, + > 1(9;(X (6a)
Jj=1 Jj=1
st. hi(X)=0 ji=1,...,1 (6b)
The ideal barrier function is defined as
_J 0 g¢g<0
I(g){oo 750 @)

The barrier term (3_7_, I(g;)) remains zero as long as
the inequality constraints g; < 0 are satisfied, preserving
the original objective function. However, once X exits the
feasible region defined by these constraints, the cost function
becomes infinite. Thus, to minimize the cost in (6a), the
solution X must remain strictly within the feasible region.

In practice, the ideal barrier function is non-differentiable
and therefore unsuitable for gradient-based optimization. To
address this, a differentiable logarithmic approximation is used

1

I(g) = ——In(~g),

g<o0 3
The approximation I(g) converges to the ideal barrier (g)

for g < 0 as Kk > 0 increases as illustrated in Fig. 1. The
resulting approximate OP becomes

q
min Z le; (OIS, — Zln(*gj(X
Fi=

S.t. hj(X)—O j=1,...,1

(9a)

(9b)

The BIPM (or primal-barrier IPM) solves a sequence of
such approximated problems. It starts with a small x and
strictly feasible guess-point (i.e., satisfying g;(X) < 0). At
each iteration, a step is taken using backtracking to ensure the
updated solution remains feasible. Once an optimal point is
found for the current x, the barrier parameter is increased by
a factor v > 1, and the process repeats until convergence is
achieved for a sufficiently large «.

Although the resulting problem is an equality-constrained
optimization, it cannot be directly solved using standard
equality-constrained factor graph frameworks. This is because

the cost terms derived from the inequality constraints are not
quadratic. For instance, attempting to represent the logarithmic
barrier term with a factor node defined by

—1In(—g,(X)), and Q = 1/k, (10)

is problematic. The argument of the square root is not guar-
anteed to be non-negative for all feasible X, making the ex-
pression potentially undefined or complex. Therefore, special
care is required in how such constraints are incorporated into
factor graph-based solvers.

B. Inequality Factor Node

To incorporate the BIPM into factor graphs, we define
specialized inequality factor nodes. These nodes use tailored
error functions and information matrices to efficiently encode
inequality constraints. For clarity, we present the formulation
considering a simplified OP with a single nonlinear inequality
constraint g; : R™ — R%; .

Assuming g; is nonlinear, we linearize it around the current
estimate X°, similar to how error functions are handled in
conventional cost factor nodes, i.e.,

9:(X) ~ g5 (X) = g;(X") + Ty, (X (1n

From the BIPM perspective, the OP containing only this
inequality factor node becomes

DX - X7

dy.
ISR
min —;Z}ln(—gn,ﬂX)) (12)
p

F(X)
To solve this unconstrained problem, we adopt a Gauss-

Newton approach by enforcing the first-order optimality con-
dition, i.e., setting the gradient of f(X) to zero:

Tgn (X7

In,j

gn,'
VI ==
g=1 7™

Using a first-order Taylor expansion around the current
estimate, the gradient is approximated as
VIX'+AX) = VAX) + Tvp(XHAX =0, (14

where Jvy(X?) is the Hessian matrix of f(X) and
On,j (X ’) = Gn,j (X 1). This yields the following linear system

=0 (13)

dg. . ) X
2 E (X0, (XD e gh (X)

g 0 LAY = nad 15)
2 g (0P 2]

This update step can be interpreted as a second-order update
step, where the matrix Hg represents a Gauss—Newton ap-
proximation of the Hessian matrix of the cost term (12). In par-
ticular, we apply the first-order approximation to the first-order
optimality condition, i.e., (13), which yields a second-order
update step—equivalent to applying the optimality condition
directly to a second-order approximation of the cost term. This
explains why the solver can handle nonlinear constraints.

Moreover, the inequality constraints are linearized within
the barrier function, while the barrier function itself remains



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

in its nonlinear form. At each optimization step, the solver
iteratively updates the linearized inequality constraints, thereby
accommodating nonlinearities. A similar principle applies to
nonlinear cost factors in factor graph literature, where error
functions are linearized at each iteration yet still enable
efficient optimization in nonlinear problems, as presented in
Section III (i.e., (3)).

Based on (15), we define a BIPM-compatible inequality
factor node characterized by

e an error function derived directly from the inequality

constraint:

egj(X) = gJ(X)7

e a diagonal information matrix that encodes the barrier
scaling:

(16)

Qg = k1. diag ([gj(X)}_Q)

The contribution of the inequality factor to the linear system
is then expressed as

A7)

2

Hy, = HJ (X7) (18a)

Q,,
i i T i
bgj =Ty, (X") Qg eq,(X*).

Notably, the residual vector bf] differs from conventional
cost factor terms in that it excludes the negative sign (cf. (4)
and (18)). This distinction is important and must be accounted
for when integrating inequality factors into the overall solver
framework.

To simplify implementation, the library provides a dedi-
cated class for inequality factor nodes. The factor is defined
independently of the underlying solver, while the library
automatically constructs the corresponding linear system based
on the selected optimization algorithm.

C. BIPM Algorithm for Factor Graph Optimization

We describe here the BIPM solver, which follows the
standard primal-barrier interior point framework. In the convex
setting, such methods enjoy well-established global conver-
gence guarantees and polynomial-time complexity bounds,
see [12, §11] and [13] for detailed theoretical analyses. Our
adaptation preserves these properties in convex problems,
while allowing applicability to nonconvex OPs. The solver
involves a backtracking line search to maintain the feasibility
of inequality constraints throughout the optimization process.
Specifically, after computing the update AX, we start with
an initial step size ¢ = 1 and iteratively reduce it by a
factor & € (0, 1) until all inequality constraints evaluated at
X +CAX are strictly negative. Second, we implement an outer
loop to gradually increase the barrier parameter x, thereby
refining the approximation of the ideal barrier function and
improving solution accuracy. Finally, comprehensive termina-
tion criteria ensure the optimization process stops only when
both optimality and constraint satisfaction have been achieved:

« Update convergence: ||AX||, < €

o Inequality feasibility: ||max(g(X),0)

o Equality satisfaction: ||h(X)| < e
where h(X), and g(X) represent the aggregated equality and
inequality constraint vector, respectively.

Algorithm 1 summarizes the complete BIPM solver, where
unsubscripted vectors aggregate all relevant subvectors. Feasi-
bility is maintained via backtracking line search, while the

(18b)

< €4

oo

Algorithm 1: Barrier-IPM Solver for Factor Graphs
Input: {e;, Q;}icis {P)}j=11, {95 }i=1q> £ > 0,
a € (0,1), >0, e >0, €, > 0, Kina > 0,
v > 1, v, feasible X

1 initialize ), < o forall j =1:1, X < [X,~],
H <+ 0, b+ 0;

2 repeat

3 repeat

4 foreach ¢, (2; do

5 H<«+ H+H,,;

6 b« b+b. (Eq. 4);

7 foreach h; do

8 H<H+He, ;

9 b b+be, [17. (Eq. 17)];

10 foreach g; do

11 H<+ H+ Hegj ;

12 b+ b+ begj (Eq. 18);

13 AX «Solve (HAX = b)

14 Set step size ( < 1;

15 while g(X + (AX) >0 do

16 ¢ < ag;

17 X« X +(AX;

18 until |AX]], <€, and ||max(g,0)|| ., < €g and
1Al < €n:

19 K 4 UK}

20 until K > Kpnas
21 return X

barrier parameter ~ is increased iteratively to tighten the
approximation. The system matrix H and residual vector b
correspond to all optimization variables, including Lagrange
multipliers . While presented in global form for clarity,
practical implementations assemble H and b from local factor
contributions via sparse indexing, and impose limits on total
and inner-loop iterations for efficiency and scalability.

V. RESULTS AND PERFORMANCE EVALUATION

This section presents a comparative evaluation of the pro-
posed Barrier Interior Point Method (BIPM)-based solver
against an Augmented Lagrangian (AL) baseline. Both solvers
are applied to the Multi-objective Adaptive Cruise Control
(MACC) problem for battery electric vehicles (BEVs), for-
mulated as a Model Predictive Control (MPC) task. For eval-
uation, simulations were conducted using the comprehensive
validated vehicle model and scenario described in our previous
work [25]. The real driving tests performed in [25] demon-
strate that the simulation model accurately represents real
driving scenarios, which makes the evaluation and comparison
of the novel solver-based model reliable. This setup will also
guide a real experimental validation of the proposed solver as
future work.

For the AL implementation, we adopted the approach de-
scribed in [5] to construct the linear systems corresponding
to the constraints and update the Lagrangian variables. Both
AL and BIPM utilize identical stopping criteria and involve an
inner and outer loop. In the BIPM framework, the inner loop
solves the OP at a fixed barrier parameter «, while the outer
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loop updates this parameter. In contrast, AL solves the OP
for fixed Lagrangian variables and penalty parameter p, with
the outer loop updating both the Lagrangian variables and the
penalty parameter.

A. Factor Graph Representation of MACC

In this work, we focus on the MACC problem, selected as a
representative benchmark due to its multiple objectives and a
variety of inequality constraints, including both hard and soft
constraints, and later extended to nonlinear and nonconvex
cases in Section V-E. Following the framework in [25], the
OP for MACC is given by

k+N-—1
. 2 2 2
min > (i Fri)llg, + 1 Foilln, + 10rills,
(251 ¢'2 ¢3 (19a)
2 2
11073l + 105,.ill,)
—_— Y
P4 o5
subject to
T =
Vi1 — | v + (Fyi — Fyi — Fresisei) | =0 (19b)
meq
T

di+1 — dz + ? ('Up,i + ’Up’iJrl — (’Ui + Ui+1)) = 0 (190)
Amin + NsateryVip1 — dip1 <0 (19d)
di+1 - (dmin + htrackviJrl) + 5far,i <0 (1%)
—F,; <0 (19
Ft,i - Ft,max S 0 (19g)
F,; — (ag0 + a21v;) <0 (19h)
—F; <0 (190)
Fb,i - Fb,max < 0 (19_])
Vi+1 — Umax,i+1 S 0 (191()

—vi11 <0 (19D
Fiio1|—0p,: <0 (19m)
Fyi-1| —0r,: <0 (19n)

|Fyi —
| Fpi —

Here, X = [v,d, F;, Fy, Otar, OF,, 0| denotes the variable
nodes of the factor graph: host velocity, inter-vehicle distance,
traction and braking forces, and slack variables. T is the
sampling time, and ¢ € {k,...,k+ N —1} indexes the control
horizon. The preceding vehicle velocity is v,, while Flesist
models resistive forces. Finally, hgfery and Ayacx are time-
headway parameters defining safe and tracking distances.

It is worth noting that the constraint (19d) represents a form
of obstacle avoidance by enforcing a safety distance from
the preceding vehicle. Similarly, general obstacle avoidance
constraints can be encoded as inequality factors of the form
9(x) = dgte — ||p(x) — Pobs|| < 0, and handled directly by the
proposed BIPM framework without any structural changes.

The corresponding factor graph of the MACC problem is
illustrated in Fig. 2.

B. Simulation Setup and Initialization Strategy

The simulative evaluation compares two optimization ap-
proaches: the BIPM and the AL method. Both solvers were
implemented on identical hardware platforms, consisting of an
Intel Core 19 12th Gen processor and 32 GB of RAM running
Ubuntu 22.04. To ensure a fair comparison, both methods used

ey, =R (it = F ]
[ O4 11 o1
° (713) (/.) ’T(Qlf)&'#l 1(21’5)“1
LN D B ..
(21), ®_P1ks 210, ®
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Fig. 2. Factor graph representation of the MACC problem

the same MPC parameters, constraint settings, and stopping
criteria for convergence and feasibility. In the simulations, the
host vehicle is modeled as an electric vehicle prototype tasked
with tracking a leading vehicle following a predefined driving
cycle. The cycle conforms to the Real Driving Emissions
(RDE) requirements under the European regulation [26]. A
total driving duration of approximately 7 minutes was simu-
lated, with the MPC controller executing at a sampling interval
of 100 ms. This resulted in approximately 4000 OPs solved
throughout the scenario. The simulation captures a variety of
realistic urban driving conditions, consistent with typical real-
world driving patterns.

Regarding variable initialization, we leverage the problem’s
physics to construct a feasible initial guess. This is achieved
by systematically projecting the warm-start solution from the
previously solved MPC problem into the feasible region.
Specifically, host vehicle velocities v;y; are first corrected
to satisfy (19k), e.g., vit1 < min{v}™, Vmax,i+1 — €},
with € > 0 ensuring strict feasibility, and then verified against
(19, vip1  max{v 1™, Umin,i+1+€}. Similarly, distances
d; are adjusted with respect to (19d), followed by the slack
variables d¢qr-; for (19e). The same procedure is applied
to traction forces F}; (19f-19h), their variation slacks df, ;
(19m), braking forces F3; (191, 19j), and finally dp, ; (19n).
This strategy ensures that the initial guess lies strictly inside
the feasible region while remaining close to the nominal
operating point.

Remarks: For inequality constraints where finding a feasible
initial point is difficult, one can introduce auxiliary slack vari-
ables, reformulating the constraint as g;(x) + s; = 0,s; > 0.
This requires only a positive initialization of s;. Moreover,
mutually exclusive constraints—those that are difficult to
satisfy simultaneously—can be relaxed by rewriting them as
gi(z) + s; < 0 and adding a penalty term w;s? to the cost
function, where w; is a weighting factor.

C. Solver Comparison under Different Prediction Horizons

A comparative performance analysis of the two optimization
approaches was carried out across different prediction horizons
N € {3, 6, 20}. While a horizon length of N = 3 was
considered in [5], our prior experience suggests that horizons
in the range of N = 5,...,7 are more appropriate for the
MACC application. To evaluate solver performance at larger
problem scales, we also include a longer horizon of N = 20.

The problem complexity scales linearly with the horizon
length N: the number of decision variables is X = 7N,
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with [ = 2N equality constraints and ¢ = 13N inequality
constraints. Both solvers were configured with a maximum of
300 outer iterations and up to 10 iterations per inner loop. All
Lagrange multipliers were initialized to zero.

For the BIPM solver, the barrier method parameters were set
to kg = 0.5, Kfinat = 1500, with an update factor v = 8. For the
AL solver, we adopted the algorithm described in [9, §1V.D.2],
initializing the penalty parameters as pg = 0.5, ppax = 5€5,
and updating them by a factor p, = 20.

Table I presents a comparative analysis of solver perfor-
mance for BIPM and AL across varying MPC prediction
horizons. The reported metrics include the average, maximum,
and minimum number of total iterations, along with the
corresponding solver computation times in milliseconds.

The BIPM solver consistently outperforms the AL method
in terms of both iteration count and computational time across
all tested horizons. For example, at N = 6, BIPM required an
average of only 24.7 iterations compared to 37.9 for AL, while
also achieving a faster average computation time (32.1 ms vs.
41.3 ms). The performance gap becomes more pronounced at
larger horizons: for N = 20, BIPM reduced the average num-
ber of iterations by approximately 29%, while the AL reached
the maximum iteration limit. These results demonstrate the
superior scalability and computational efficiency of the BIPM
solver as problem complexity increases.

TABLE I
PERFORMANCE COMPARISON OF AL AND BIPM METHODS

N Iterations Number ; Calculation time (ms)
avg max min

AL 3 31.3;17.9 76 ; 76.5 18 ; 10.2
BIPM 23.6 ; 16.6 36 ; 62.9 18 ; 12.5
AL 6 379 ;413 89 ; 120.9 20 ; 22.5
BIPM 24.7 ; 32.1 65 ; 106.5 19 ; 24.6
AL 20 49.5 ; 170.7 300 ; 1042.6 31 ; 108.5
BIPM 35.3; 151.3 263 ; 1178.3 23 ; 98.8

Figure 3 illustrates the closed-loop behavior of the MACC
problem using both the BIPM and AL solvers under identical
configurations. The subplots show the reference and actual
velocities of the preceding and following vehicles, the inter-
vehicle distance, and the control force input over time. Both
solvers produce nearly indistinguishable tracking performance
and control effort, which is expected since they operate under
the same prediction model, constraints, controller settings,
and stopping criteria. This confirms that, when appropriately
tuned, both optimization methods can achieve comparable
control quality despite their differing algorithmic structures.
However, as detailed below, parameter tuning tends to be more
challenging and sensitive in the case of the AL algorithm.

D. Solver Performance Under Parameter Tuning

To evaluate the impact of parameter tuning on solver
performance, we present Tables II and III, which summarize
the behavior of the BIPM and AL solvers under various
configurations. Cases 2 and 8, highlighted in bold, were
previously presented in Table I for a horizon length of N = 6.
The parameters are varied based on these two baseline cases in
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Fig. 3. Comparison of control performance between BIPM and AL solvers
applied to the MACC problem. The v, profile in the first subplot is the same
for both the AL and the BIPM.

TABLE 11
INFLUENCE OF PARAMETER TUNING ON BIPM SOLVER PERFORMANCE.

Case v Ko Kfinal Inner Avg. Max SD
Iter Iter Iter
1 4 005 15-10% 10 27.3 56 22
2 8 05 15-10° 10 24.7 65 25
3 50 05 1.5-10° 10 244 155 6.9
4 50 05 1.5-10° 25 29.9 58 32
5 8 10 1.5-10% 10 21.2 110 9.8
6 8 10 1.5-10% 25 22.5 73 48
7 20 2 1.5-108 15 27.6 70 3.2

order to examine the influence of parameter tuning on solver
performance, considering them as reference configurations. In
these tables, Inner Iter denotes the maximum number of inner
iterations allowed. The standard deviation (SD) reflects the
variability in the total number of iterations across multiple
runs, with higher values indicating less consistent convergence
behavior.
a) BIPM Solver Tuning Analysis.

Cases 1-3 demonstrate the impact of the barrier update
factor v on solver performance, aligning with the theoretical
framework of Boyd et al. [12]. The barrier parameter update
factor v exhibits a key trade-off: smaller values (e.g., v = 8)
increase outer iterations but require fewer inner steps per itera-
tion, while larger values (e.g., ¥ = 50) reduce outer iterations
at the expense of increased inner computation. Notably, the
total iteration count remains relatively insensitive to v varia-
tions. Case 3, with v = 50 and only 10 inner iterations, shows
higher standard deviation, indicating difficulty in following the
central path—the trajectory of solutions to the barrier problem
as the barrier parameter decreases. Increasing the maximum
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TABLE III
INFLUENCE OF PENALTY PARAMETER TUNING ON AL SOLVER
PERFORMANCE.
Case p, po Pmax Inner Avg. Max SD
Iter Iter Iter
8 20 0.5 5-10° 10 379 89 9.9
9 5 05 5-10° 10 49.3 101 8.8
10 50 05 5-10° 10 336 173 10.0
11 50 05 5-10° 25 342 300 11.9
12 20 10 5-10° 10 32.1 157 84
13 20 10 5-10° 25 32.1 300 10.8
14 20 05 5-10° 25 386 143 113
15 20 0.5 5-10% 10 69.8 300 723
16 20 05 5-106 10 40.1 70 7.3

number of inner iterations in Case 4 stabilizes the solver by
allowing closer tracking of this path.

Cases 5-6 highlight the effect of initial barrier value k.
A large kg increases iteration variance (Case 5), but allowing
more inner steps (Case 6) improves stability by better aligning
with the central path early on. Finally, Case 7 demonstrates
that increasing the final barrier value kgn, by a factor of 103
increases the average iterations only modestly, suggesting the
solver is robust to this parameter when others are well tuned.

b) AL Solver Tuning Analysis.

Cases 8-10 highlight the effect of the penalty update
factor p,,. While increasing p, reduces the average number of
iterations (e.g., Case 10 vs. 9), it also increases variation and
the likelihood of hitting the iteration limit, as seen in the spike
in maximum iterations in Case 10. In contrast, BIPM (Cases
1, 2, and 4) demonstrates more stable behavior with lower
variance and predictable performance in similar scenarios.

Increasing the maximum number of inner iterations in AL
(Cases 11, 13, and 14) did not yield improved stability. For
instance, Case 11 reaches the iteration cap without significant
improvement over Case 10. This contrasts with BIPM, where
increasing inner iterations (Case 4 vs. Case 3) helped track the
central path more effectively, reducing variance and improving
convergence.

The initial penalty value pg also has a complex effect. In
Case 12 vs. Case 8, raising py decreased the average iteration
count but led to higher maximum iteration counts—again
highlighting AL’s sensitivity to parameter changes.

Finally, adjusting p;,.x has a significant impact on solver
behavior. Reducing pmax by a factor of 10 (i.e., from 5 - 10°
to 5 - 104, as in Case 15) severely degrades performance.
Conversely, increasing it to 5-10° (Case 16) alters the iteration
behavior but does not necessarily improve convergence. In
fact, excessively large values of py,.x may lead to numerical
instability and inconsistent progress. For example, in [5],
the penalty parameter is constrained to the range [0.5, 2],
which proves to be unsuitable for our application, where larger
and more adaptive scaling is necessary for acceptable solver
performance.

¢) The Choice of the Backtracking Parameter

In our experiments, we investigated two step-size strategies.
The first uses a fixed predefined vector of candidate values
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Fig. 4. Box-plot of iteration number across step-size strategies. IQR denotes
the interquartile range (25-75%), shown as the height of the box; a taller
box indicates higher variability, while a shorter box indicates more consistent
iteration number. The y-axis is capped at 70 iterations; the actual maximums
are 95 (o = 0.3) and 81 (o = 0.5).
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while the second applies a single-parameter reduction strategy,
with o € {0.99,0.9,0.7,0.5,0.3}, as specified in the step-size
update of Algorithm 1, in line 16.

The results reported in Tables I-III were obtained with the
predefined vector. As illustrated in Fig. 4, large o values (e.g.,
0.99) keep iterates close to the constraint boundary, increasing
iterations and reducing numerical stability, while small «
(e.g., 0.30) values lead to fewer inequality evaluations but
slower convergence. The predefined vector allows the solver
to start with larger steps—avoiding overly small updates in
the early phase—and then gradually shift to smaller steps,
thereby reducing unnecessary inequality evaluations. Based on
our findings, we recommend either the predefined vector or
a € [0.6,0.95] for practical stability and efficiency.

In summary, while BIPM tuning shows predictable and
interpretable effects tied to theoretical properties (e.g., central
path tracking), AL solver performance is more sensitive and
less predictable, often requiring trial-and-error for practical
tuning.

E. The Robustness of the Solver

We next evaluate the robustness of the proposed solver un-
der noisy measurements and nonconvex constraints. Gaussian
noise with zero mean was added to the MPC inputs measure-
ments: inter-vehicle distance was perturbed with a standard
deviation of 0.5 m, and host velocity with a standard deviation
of 1.0 m/s. To introduce nonconvexity, the resistive force was
modeled quadratically, making constraint (19b) nonlinear. In
addition, constraints (19f)—(191) were modified to cubic form
by applying the transformation a — b < 0;+;a® — b® < 0,
thereby enforcing stronger nonconvexity.

Fig. 5 reports the solver performance across ten experimen-
tal cases. Case 1 corresponds to the baseline problem with
linear constraints and no noise. Case 2 introduces nonlinear
constraints but no noise, while Cases 3—10 combine nonlinear
constraints with the Gaussian noise model. The results confirm
that the solver remains stable under both nonlinear constraints
and noisy measurements. Compared to the baseline, the av-
erage iteration count increases only marginally (about 2—4
iterations on average), indicating that the solver can absorb
perturbations and work with nonlinear constraints. While the
maximum number of iterations fluctuates slightly under noisy
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Fig. 5. Box-plot of iterations number across ten test cases under nonlinear

constraints and Gaussian noise. Case 1: linear constraints; Case 2: nonlinear
without noise; Cases 3—10: nonlinear with noisy measurements.

conditions, the interquartile range remains narrow, highlight-
ing consistent solver behavior. This robustness under noisy
measurements captures the primary gap between simulation
and real-world testing—sensor uncertainty—and highlights the
solver’s applicability to real-time MPC

VI. CONCLUSION AND FUTURE WORK

This work establishes a principled integration of Barrier
Interior Point Methods (BIPM) into factor graph optimization
also with inequality constraints as for instance required in opti-
mal control tasks and especially MPC. By introducing inequal-
ity factor nodes encoding logarithmic barrier functions, we
enable factor graphs to natively support inequality-constrained
problems. Our implementation as an extension to the g2o
library supports both BIPM and Augmented Lagrangian (AL)
methods under a unified frontend, allowing seamless problem
formulation with backend-specific solvers.

Empirical results from a multi-objective adaptive cruise
control (MACC) task demonstrate the advantages of BIPM
in terms of convergence speed and computational efficiency,
particularly under large-scale problem settings. The proposed
solver achieves comparable control performance to AL while
offering improved robustness to hyperparameter tuning and
problem scaling.

Finding a strictly feasible initial guess and ensuring sta-
ble performance when operating very close to feasibility
boundaries remain key challenges for BIPM. Future work
could investigate more advanced IPM variants, such as predic-
tor—corrector or infeasible-start methods, to further improve
convergence speed and enhance numerical stability in such
cases.
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