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Abstract—Real-time autonomous navigation in dynamic, un-
known environments remains a fundamental challenge for mobile
robotics. We propose a map-free framework that tightly inte-
grates reactive rolling-horizon planning with nonlinear Model
Predictive Control (MPC). At each control cycle, a LiDAR-based
Gaussian occupancy representation is constructed and used to
generate collision-free trajectories via A* search, which are then
tracked by a CasADi/IPOPT MPC formulation incorporating
a smooth sigmoid obstacle barrier. To improve robustness to
parameter sensitivity, we adopt an offline Bayesian optimization
scheme based on Tree-structured Parzen Estimators (TPE),
which identifies near-optimal controller parameters with respect
to a composite navigation objective. In addition, a Gaussian
Process surrogate is used to analyze parameter sensitivity and
provide insight into the optimization landscape.

The proposed framework is robot-agnostic and is evaluated on
the Unitree Go2 quadruped in simulation using Gazebo, followed
by deployment on the physical robot. Experimental results show
that parameters tuned in simulation transfer effectively to hard-
ware, maintaining comparable performance without additional
tuning. The full system achieves up to a 90.0% navigation success
rate when deployed, along with a 38.9% average improvement
in the evaluation metrics across simulated environments.

Index Terms—Autonomous Agent Navigation, Model Predic-
tive Control, Non-Linear Optimization, Bayesian Optimization

I. INTRODUCTION

Autonomous navigation in unknown, cluttered environments
is crucial for mobile robots deployed in real-world settings.
The challenge is compounded for legged platforms, where
complex contact dynamics demand smooth and dynamically
consistent motion commands. Classical decoupled architec-
tures, where a global planner and low-level controller operate
independently, often fail to capture the coupling between plan-
ning and dynamic feasibility [1f], leading to jerky execution,
constraint violations, and poor out-of-sample generalization.

Model Predictive Control (MPC) provides a principled
framework for simultaneous path following and constraint
satisfaction over a receding horizon [2f. However, real-
time deployment is historically limited by two requirements:
(i) a computationally efficient environment representation
for obstacle avoidance, and (ii) well-calibrated cost-function
weights that balance tracking accuracy, control effort, and
safety. Manual tuning of these weights is time-consuming and
environment-specific, with parameters that generalize poorly
across different environments and navigation tasks [3].
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Fig. 1: A customized Unitree Go2 quadruped robot by Talos
Robotics Al used for our real-world navigation experiments.

We address these limitations with a hierarchical, modular
navigation stack designed as a general-purpose framework
and validated on the Unitree Go2 quadruped. The primary
contributions of this work include a map-free, rolling-horizon
navigation stack combining Gaussian occupancy mapping,
navigation graphs, A* planning, and nonlinear MPC with
differentiable obstacle avoidance. To optimize this architec-
ture, we introduce a Bayesian Optimization framework that
uses TPE to sweep the 11-dimensional MPC parameter space
across a training suite of simulation environments, identifying
near-optimal weight configurations through a structured multi-
metric composite score. Finally, we provide extensive exper-
imental validation across three environments and hardware
deployment on the Unitree Go2 in Fig. [I] performing several
real-world navigation trials, confirming consistent performance
gains and negligible sim-to-real degradation.

The remainder of this paper is organized as follows. Sec-
tion |l formulates the problem and reviews related work.
Section [T details the overall system architecture and the
specifics about each module of the framework from the rolling-
horizon path planner to the definition of the Bayesian Opti-
mization pipeline. Sections [[V] and [V] present the experimental
setup and results, discussing the performance and limitations.
Section concludes and outlines future research directions.

II. BACKGROUND
A. Problem Statement

Let the robot state at time step k be x; =
[Da ks Pyks Yk]T € X C R3, where (ps,py) € R? denotes
the position in the world frame and ¢ € (—m, x| is the
heading angle. The control input is the body-frame velocity
command uy = [vgk, Vyk, wi] € U C R3, comprising
forward velocity, lateral velocity, and yaw rate, respectively.



At each time step the agent receives a LiDAR point cloud
Pr = {p; € R®} % and a goal pose x, € X.

The navigation problem is formulated as a receding-horizon
optimal control problem. At each planning cycle the agent
solves:

min  J(xo.n, Uo:n—1, Pk, 0) (D
up;..-,UN -1
subject to:
Xt4+1 :f(xt,ut), t:O,,N—l (2)
d(Xt,Pk;) > Tmin, ©= 07-~-7N (3)
weu, t=0,...,N—1 (@)

where J is a composite cost function parametrized by § € © C
R™, f is the discrete-time robot dynamics, d(x;,Py) is the
minimum Euclidean distance from the predicted state x; to any
obstacle in the current point cloud, and r,;, is the minimum
safety clearance. The objective is to drive the robot from its
current pose X to the goal x, while satisfying (2)-(4) in real
time, without any a priori knowledge of the environment.

The performance of the MPC depends critically on the
parameter vector 6, which encodes cost weights for tracking
accuracy, control effort, and obstacle avoidance. The meta-
problem of identifying an optimal 6 is formulated as the black-
box optimization:

0" = arg max J(6) ®)

where J(6) is a composite performance score obtained by
running the full navigation system under parameters 6.

B. Related Work

1) Legged Robot Navigation: Navigation for legged robots
has been studied extensively in the context of whole-body
planning and terrain-aware locomotion. Recent approaches
integrate deep learning-based terrain estimation with classical
planning [4] or employ model-free reinforcement learning
for end-to-end navigation [5]]. These methods either require
pre-built maps or suffer from difficult sim-to-real transfer.
Our framework abstracts leg dynamics through the CHAMP
hierarchical locomotion controller [|6], which exposes a body-
frame velocity interface and enables the navigation layer to
treat the robot as a holonomic mobile agent, simplifying
planning and control design.

For local navigation, fast sampling-based planners like
RRT* [7]] and adaptive variants such as APEI-RRT* [§]] are
highly efficient and widely adopted. While we deploy a grid-
based A* planner for its predictable deterministic paths, our
framework is fundamentally planner-agnostic; the adaptive
MPC pipeline can seamlessly track reference trajectories gen-
erated by any sampling-based or heuristic algorithm.

2) MPC for Mobile Robot Navigation: MPC has been
applied to mobile robot navigation across differential-drive
platforms, UAVs [9], and quadrupeds. Nonlinear MPC for-
mulations handle the full kinematic model but require ef-
ficient nonlinear programming (NLP) solvers; CasADi [10]

with IPOPT [11] provides a suitable combination for our 5-
second horizon at 10Hz. Obstacle avoidance within MPC
is commonly implemented via hard distance constraints or
smooth barrier functions [[12f]; we adopt a differentiable sig-
moid penalty evaluated on the nearest LiDAR returns, which
preserves NLP sparsity and IPOPT convergence properties.

3) Bayesian Optimization for Robotics: Bayesian Opti-
mization (BO) has become the standard method for black-
box hyperparameter tuning in robotics, widely applied to
locomotion, control, and planning [13]. The COAt-MPC
framework [3|] provides performance-guaranteed BO for MPC
parameter optimization, while [14]] analyzes the theoretical
properties of TPE, the acquisition strategy we adopt for its
efficiency in high-dimensional mixed spaces.

III. METHODOLOGY
A. System Architecture

The proposed navigation stack is composed of five in-
terconnected modules illustrated in Fig. 2} (i) an Odometry
Bridge that converts raw EKF odometry into a unified pose
representation; (ii)) a Mapping Module that maintains both
a reactive semi-persistent Gaussian occupancy grid and a
topological Navigation Graph inspired by WildOS [15]], which
encodes high-level connectivity between previously visited
locations and enables global planning via Dijkstra search;
(iii) a Global-to-Local Planning Layer, where the Navigation
Graph provides waypoints to a rolling-horizon A* planner
operating on the occupancy grid at 1Hz; (iv) a Nonlin-
ear MPC Tracker formulated with CasADi [10] and solved
with IPOPT [11]], generating dynamically feasible velocity
setpoints and converting MPC lookahead states into body-
frame /cmd_vel commands for the locomotion layer; and
(v) an offline Bayesian Optimisation Module based on Tree-
structured Parzen Estimator (TPE) and Gaussian Processes
(GP), which tunes the hyperparameters to improve trajectory
efficiency and tracking performance.
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Fig. 2: System architecture of the proposed framework.



All modules communicate through ROS 2 topics, enabling
full modularity and real-time operation at 10-20 Hz. The MPC
parameter vector 6 is adapted by the Bayesian Optimization
pipeline in Section [[II-E]

B. Mapping

At each replanning cycle, a square local Gaussian Oc-
cupancy Grid of side 2h,, (default h,, = 5m, resolution
A = 0.25m/cell) is centered on the robot and rebuilt from
scratch using only the current LiDAR point cloud Pj. Each
grid cell ¢ encodes the probability of occupancy derived from
the minimum Euclidean distance dpyin(c, Px) from the cell
center to any LiDAR return:

P(c):1—<1><

where ®(-) is the standard normal CDF and ¢ = 0.05m is
the Gaussian spread parameter controlling obstacle inflation.
Cells with P(c) > Payresh = 0.45 are treated as hard obstacles;
cells below this threshold incur a soft traversal penalty in A*
proportional to their occupancy probability.

In addition to the reactive occupancy grid, the system main-
tains a persistent topological navigation graph G = (V,€),
where each node v € V corresponds to a semantically mean-
ingful region of the environment and each edge (u,v) € &
represents a navigable transition weighted by the traversal
cost estimated from the current occupancy grid. As the robot
explores, new nodes are instantiated when the robot enters a
previously unvisited region, and the graph is updated online.

(6)

g

dmin (Ca Pk) )

C. Rolling-Horizon Path Planning

Since the occupancy grid covers only a local window, a
rolling-horizon strategy is employed for distant goals. At each
replanning tick the local planning target is:

cell(x
Xlocal = { ( g)

ray(xo — x4) N dgrid otherwise

if x, € grid
g €8 %)

The ray is parametrically clipped to the grid boundary, allow-
ing the robot to advance one grid-width at a time. If the local
target falls in an occupied cell, a breadth-first search (BFS)
identifies the nearest free cell as a proxy, guaranteeing A*
always receives a valid goal.

A* is executed on an 8-connected grid with the following
edge traversal cost:

g(n — n/> = Cmove - A - (1 “+ Wobs - P(’I’L/)) ®)

where cnove € {1,v/2} for cardinal and diagonal moves
respectively and wqps is the soft obstacle penalty weight. The
admissible Euclidean heuristic is:

hn) = A \Jli — 92)? + (iy — 9,)? ©)
Cells with P > Pyesn are treated as hard obstacles, while sub-
threshold cells incur the soft penalty (8), steering paths away
from obstacle proximity. The resulting path is resampled at
uniform spacing As = 0.20m and smoothed with a moving-

average kernel of width 5 to remove grid-induced zigzag
artifacts while preserving endpoints.

D. MPC Formulation

1) State, Control, and Dynamics: The robot is modeled as
a holonomic kinematic agent in the plane, with state x; =
[P Py, ] T and control ug = [v,,vy,w] " . The discrete-time
dynamics under Forward Euler integration with step At =
0.1s are:

Dk + (Vg COS Yy — vy i SID Yy ) At

Xe+1 = f(Xk, W) = [Py k + (Vg k sin g + vy cOs Py ) At
r, + wi At

(1

2) Objective Function: The MPC solves the following
finite-horizon NLP over N = 50 steps (5s horizon) at 10 Hz:

N-1
J =eyQren + Jons(xn) + [engk
k=0

+ uy, Ruy, + Riewc||ug — w1 ||* + Jobs(Xk)

(1)

where e, = Xj — Xrer i, 15 the tracking error with respect to
the A*-derived reference, Q = diag(Quy, Qzy, Qu), Qr =
Qr - Q, and R = diag(R,, Ry, R,,). The jerk term Rjen
penalizes rapid control changes to enforce smooth commands.
The NLP is compiled once at startup using CasADi [10] sym-
bolic differentiation; subsequent solves update only numeric
parameter values, enabling real-time feasibility. The MPC
predicted trajectory is tracked by a proportional controller
running at 20 Hz, which generates /cmd_vel commands for
the CHAMP locomotion layer.

3) Sigmoid Obstacle Barrier: QObstacle avoidance is en-
forced as a smooth cost penalty through a logistic sigmoid
barrier evaluated on the M = 12 nearest LiDAR returns
{p; }jle within a search radius of 3 m:

M

Jobs(Xk) = > v

= 1+ ea(d(xk,pj)—'r')

(12)

where d(xy, pj) = \/(pm,k = Pja)? + (Pyk — pjy)? + € with
€ = 107 ensuring differentiability at zero distance. The
numerically stable form % (1 — tanh(%(d —r))) is used in
implementation to avoid overflow. Points beyond the search
radius are replaced with far sentinels, keeping the NLP sparsity
pattern constant and enabling warm starting. Here W is
the barrier height, o controls steepness, and r is the safety
radius. The control inputs are enforced via box constraints
corresponding to the robot actuator limits.

4) Reference Trajectory and Warm Starting: The reference
sequence {Xerx }h_, is generated by advancing along the A*
path at cruise speed v from the arc-length coordinate sy of
the closest waypoint to the robot:

S = min(so + Vet - k - At, Lpath) (13)

Reference position prerx is linearly interpolated along the
path segment containing sg; reference yaw is the path tangent
Vrrr = atan2(Ay, Azx). The previous IPOPT solution is
shifted by one step and used as the warm-start initial guess.



E. Bayesian Optimization for MPC Tuning

1) Composite Performance Score: The MPC parameter
vector § € © C R comprises: position tracking weights
(Qz, Qy), yaw tracking weight @, terminal cost weight
Qr, control effort weights (R, , Ry, R,), jerk regularization
weight Rjer, obstacle cost weight Wy, and obstacle shaping
parameters (cuobs, Tobs)- Each parameter is associated with
predefined lower and upper bounds, defining the search space
as a bounded domain © = [, [, giax],

Each function evaluation requires launching a full Gazebo
simulation, making gradient-free, sample-efficient methods
essential. The composite score 7 () aggregates different nav-
igation scenarios s € S with scenario weights wy:

j(a)zzwsjs(e)a Zws:]-

A scenario includes various types of trajectories imposed
on the robot in simulation, enabling it to learn optimal
parameters under diverse dynamic configurations. Each per-
scenario score J, integrates five metrics. Let pg, ps, and g
denote the robot start, final, and goal positions. Goal progress
¢ = max(0, (dy — dy)/dy) measures the fraction of initial
distance closed, where do = ||po — gl|. df = ||p; — g||. Path
efficiency 7 = min(1,dy/L) is the ratio of the straight-line
distance to the total traversed arc length L. Control smoothness
s = e~J/2 uses the exponentiated negative mean second-order
finite difference of the command sequence as a jerk proxy:

(14)

K-2

1

K-2 DA%k, A%ug =gy — 2ug + u
h=1

15)

Obstacle avoidance O uses per-scan minimum LiDAR dis-
tances {dy™} to define danger (d < 0.3m) and warning
(0.3 < d < 0.6m) zone fractions:

O = 0.5 (1~ faanger) +0-3 (1= fuarning) +0.2 min(g, 1) (16)

j:

where d is the mean clearance capped at 2 m. Time efficiency
7 = min(1, Trer/Tetapsea) With Trer = do/0.5 is only defined
when the goal is reached. Two scoring branches are defined:

if goal reached

7= 0.354+027n+0.155s+020+0.17
T else

025¢+01n+0.1s5+0.150

a7

2) Tree-Structured Parzen Estimator: The offline BO em-

ploys Tree-Structured Parzen Estimators (TPE) [14], well-

suited for high-dimensional mixed parameter spaces. TPE

partitions the observed scores at the v = 0.15 quantile
threshold y* and models two marginal densities:

LO)=pO|T0O)<y"), 90)=p0O|T0)>y")

Each marginal is estimated as a mixture of truncated Gaus-
sians, one centred on each past observation. The acquisition
is the Expected Improvement ratio:

£(0)

9(0)

(18)

EI() (19)

The algorithm first draws N,ng = 20 trials uniformly (cold
start), then iterates: refit £ and g, sample 20 candidates from
£(6), select the one with highest ¢/g ratio, evaluate 7, and
add to the dataset. This repeats until Np,x = 120 trials and
the best configuration 0. . = argmax; J(6;) is deployed.

3) GP Surrogate for Sensitivity Analysis: An ARD Matérn-
5/2 Gaussian Process is fitted to all accumulated observations
for interpretability. The kernel is:

k(0,0") = a;(l +VBr + gﬂ)e*ﬁr +025(0,0')  (20)

where r = \/>_,(0; — 0/)2/(? and ARD length scales {{;}
are learned by maximizing the log marginal likelihood. The
normalized inverse length-scale £; = (1/¢;)/ . ;(1/¢;) quan-
tifies parameter sensitivity: a short ¢; indicates that the score
landscape varies rapidly with 6;, marking it as decisive.

IV. EXPERIMENTAL SETUP

All experiments are conducted on the Unitree Go2
quadruped. Locomotion is handled by the CHAMP hierarchi-
cal controller [6]], which exposes a body-frame /cmd_vel
velocity interface. A mid-range 3-D LiDAR provides filtered
point clouds at 10Hz. The full navigation stack uses Ros 2
and runs on a Jetson Orin Nano carried onboard, while the
simulations are performed in Gazebo Fortress [16] with a
planar-move plugin providing ground-truth odometry.

Three Gazebo worlds of increasing complexity are em-
ployed. Environments E1 and E2 serve as in-distribution
training environments for offline Bayesian Optimization; E3
is held out as an out-of-distribution test scenario.

o E1 - Open (tuning): a sparse, low-obstacle environment

representing easy navigation conditions.

e E2 — Indoor Office (tuning): a confined indoor envi-
ronment with tables, narrow passages, doorways, and
multiple rooms, presenting high navigation difficulty.

« E3 — Warehouse (testing): a held-out environment with
dense shelves, narrow corridors, and complex passages,
designed to assess out-of-distribution generalization.

o E4 — Real Room (testing): a real room of our laboratory
arranged for the experiment with obstacles as furniture,
boxes and moving people.

Each environment contains a representative set of navigation
tasks of varying difficulty, including straight-line traversals,
zig-zag paths, tight turns, navigation around large obsta-
cles, and goal configurations requiring global exploration. An
additional test with suddenly appearing dynamic obstacles
evaluates robustness to pedestrians or vehicles in unstructured
settings. The evaluation is composed of the following phases:

o Phase 0 — Baseline: MPC parameters are hand-tuned
through a limited set of simulation trials and held fixed,
which serves as the reference for all comparisons.

o Phase 1 — Offline BO: 120 BO trials are executed on El
and E2 using the TPE method described in Section
yielding the tuned vector 65.

« Phase 2 — Generalization: Both configurations are eval-
uated on the unseen environment E3 to quantify out-of-
distribution transfer of BO tuned parameters.



o Phase 3 — Sim-to-Real: We performed a limited test in a
real environment where the robot had to reach predefined
set of navigation tasks in the environment E4.

As evaluation metrics for the navigation experiments, we
report success rate (SR, %), time to goal (TTG, s), path length
(PL, m), and average MPC solve time (TSM, ms). Success rate
(SR) is defined as the percentage of episodes in which the
robot reaches the goal region within a predefined tolerance,
without collision, and within a 5-minute time limit. Time to
goal (TTG) measures the total elapsed time from the initial
pose to goal attainment. Path length (PL) denotes the cumu-
lative distance travelled along the executed trajectory. Finally,
average MPC solve time (TSM) quantifies computational cost
as the mean solver execution time per MPC iteration.

V. RESULTS
A. Navigation Performance

As shown in Table the hand-tuned baseline per-
forms adequately in the open environment (E1: PL=9.64m,
TSM=40.85ms) but degrades in confined settings (E2:
PL=17.92m, TSM=46.78 ms), reflecting the sensitivity of
fixed parameters to obstacle density. Offline BO on El and
E2 consistently improves all metrics across every evaluated
scenario. In the indoor office environment (E2), path length
is reduced by 32.3% (17.92m — 12.13m) and average MPC
solve time decreases by 49.2% (46.78 s — 23.77 s), indicating
that BO-tuned parameters yield shorter, more computation-
ally efficient trajectories. Critically, The BO-tuned configura-
tion generalizes to the unseen warehouse environment (E3):
path length drops by 44.5% (73.97 m — 41.07 m), despite E3
never being used during tuning, demonstrating strong out-of-
distribution transfer. Figure [3] illustrates the MPC objective
function (]1;1'[) comparison, which is consistently lower.

MPC objective cost function (log-scale)

| MA/VUV\WWJW

3 25 50 75 100 125 150 175
replay frame index

cost (log scale)
5

Fig. 3: Comparison of the MPC objective function (T1) over
the planning horizon between baseline and BO-tuned configu-
rations in E3. Lower values indicate tighter path tracking and
reduced obstacle cost, so overall better task performance.

Aggregated over E1-E3, BO reduces average path length
by 38.7%, average MPC solve time by 25.3%, and time
to goal by 53.0% (200.37s — 94.25s), while improving the
overall success rate from 13/20 to 18/20. These gains confirm
that optimizing across environments of contrasting difficulty
produces robust, generalizing parameter configurations.

Figure [ illustrates a representative trajectory comparison
in E3, where the BO-tuned MPC follows a shorter, smoother
path relative to the baseline.

y [m]

lidar pts

1] === refpath

@ start

—— baseline MPC
o] — optimized MPC

6 7 9 10

(a) Topological navigation graph con- xm
structed online during the robot’s explo- (b) Trajectory comparison
ration phase, where visited locations are in E3 showing A* refer-
nodes and edges encode regions con- ence (grey dotted), base-
nectivity. The purple circle marks the line MPC (blue), and BO-
starting point, the blue stars are the first optimized MPC (red). Cur-
reached goal and the current target. The rent robot pose is green;
robotic agent is maneuvering around ob- LiDAR points of obstacles
stacles toward the second goal. are shown in yellow.

Fig. 4: Navigation graph and MPC path planner comparison
in the held out-of-distribution warehouse environment (E3).

Hardware deployment in the real laboratory room (E4)
validates sim-to-real transfer: success rate improves from 5/10
to 8/10 using 65, without any additional on-robot or online
tuning, confirming that simulation-tuned parameters transfer
effectively to physical hardware and real-world obstacles.

B. MPC Parameter Sensitivity

We analyze MPC parameter importance via GP-based sensi-
tivity estimation (Section [[II-E)), using baseline and BO-tuned
configurations. The BO convergence is shown in Fig. [3]

The highest sensitivity is observed for control jerk Rjex
and control effort R,, indicating that dynamic regularization
primarily governs solution stability. Obstacle weight W and
solver-time effects follow, while tracking terms (Quy, Q)
and failure penalty show low sensitivity. Overall, variability
is driven by dynamic and constraint-related parameters, with
tracking having limited influence. Compared to the baseline,
BO reduces average sensitivity by 42.3%, yielding a smoother
landscape that improves robustness and generalization.
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Fig. 5: Bayesian optimization (BO) convergence, showing the
objective score J(6) versus trial index over 120 trials.



TABLE I: As navigation evaluation metrics, we report success rate (SR, % or success/trials, 1), time to goal (TTG, s, |),
path length (PL, m, |) and average time to solve MPC (TSM, ms, 7). Note: 1 denotes higher is better, | lower is better.

E1 (Open) E2 (Indoor Office) E3"(Warehouse) Eavg(1,2,3) (Overall) E4"(Real Room)
Method PL TSM PL TSM TSM PL TSM TTG SR SR
Baseline parameters 6o 9.64 40.85 17.92 46.78 73.97 60.78 33.84 49.47 200.37 65.0% 5/10
BO tuned parameters 05, 9.03 38.68 12.13 23.77 41.07 48.41 20.74  36.95 94.25 90.0% 8/10
Percentage change Ag; -6.3 -5.3 -32.3 -49.2 -44.5 -20.4 -387 253 -53.0 +38.5 +60.0
* Indicates held-out out-of-distribution environment.
VI. DISCUSSION AND LIMITATIONS REFERENCES

Limitations. The kinematic model treats the robot as a
planar holonomic agent; significant slopes or steps require
extension to 3-D dynamics. The BO search is bounded by the
predefined space ©, which may not include all the possible
MPC parameters that could be tuned to find the optimal
configuration, an a priori selection was necessary to avoid an
extremely high dimensional optimization space.

Future Work. Three primary extensions are planned. First,
an online BO loop warm-started from 65, will adapt MPC
parameters incrementally during deployment via GP poste-
rior updates and Expected Improvement acquisition [[13]], en-
abling environment-specific refinement for out-of-distribution
settings without offline retraining. Second, a self-supervised
Dynamic Graph CNN (DGCNN) encoder will provide scan-
level, annotation-free MPC parameter conditioning from Li-
DAR embeddings. Third, the stack will be ported to the
Unitree G1 bipedal humanoid and interfaced with Visual
Language Action (VLA) [17] models for natural-language
goal decomposition, with lifelong continual online learning to
accumulate knowledge from the real world environment data.

VII. CONCLUSION

We have presented a map-free autonomous navigation
framework combining rolling-horizon A* planning with non-
linear MPC tuned via offline Bayesian Optimization. The sys-
tem integrates a Gaussian occupancy grid, a CasADi/I[POPT
nonlinear MPC with differentiable sigmoid obstacle barriers,
and a TPE-based BO pipeline that identifies near-optimal MPC
weight configurations from a composite performance score.

Offline BO conducted on two training environments of
different difficulty yields consistent improvements across all
evaluated scenarios. The average length path decreases by
38.7% and the MPC average total solving time decreases by
25.2% relative to the hand-tuned baseline. The BO-tuned con-
figuration generalizes to the held-out warehouse environment
without additional tuning.

The modular architecture is platform-agnostic and de-
signed for extension. Our ongoing research work targets
online Bayesian Optimization for deployment-time adaptation,
DGCNN for map-adaptive MPC parameter conditioning, and
integration with Visual Language Action models for language-
conditioned navigation across legged and wheeled platforms.
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