
Accepted for publication in IEEE Robotics and Automation Letters (RA-L), Sep 2026
1

AURA: Asymptotically Optimal Uncertainty-Robust
Replanning Algorithm for Kinodynamic Systems
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Abstract—Sampling-based motion planners offer a practical
and scalable approach to kinodynamic motion planning, notably
for high-dimensional, underactuated, or non-holonomic systems.
However, these planners are typically used offline, requiring
execution to begin only after the trajectory has been computed. In
addition, the planned trajectory may not be accurately tracked in
the presence of motion uncertainty, leading to deviations from the
nominal solution. In this work, these limitations were addressed
within a unified framework, AURA, an asymptotically-optimal
meta-planner framework that improves both path quality and
tracking performance during execution. In addition to the main
execution thread, this framework comprises a replanning method
that continuously explores the state space and refines the trajectory
during execution, and an optimization process that refines future
control inputs to reduce tracking error. Together, these components
enable AURA to leverage asymptotically optimal planning online
while improving execution accuracy under motion uncertainty. The
proposed approach is evaluated in both simulation and real-world
environments across multiple systems, demonstrating consistent
improvements in trajectory quality, tracking accuracy, and overall
performance compared with baselines. The source code is available
at https://github.com/elpis-lab/AURA.

Index Terms—Motion and Path Planning, Kinodynamic Plan-
ning, Planning Under Uncertainty

I. INTRODUCTION

SAMPLING-BASED kinodynamic planners provide a gen-
eral and theoretically sound framework for motion planning

in systems with complex dynamics [1]. By relying solely
on forward propagation, they avoid the need for steering
functions, which are often intractable for arbitrary dynamical
systems. Moreover, asymptotically optimal (AO) variants [2]
offer probabilistic completeness and asymptotic optimality,
ensuring that the probability of finding a feasible trajectory
approaches one and that the cost converges almost surely to
the global optimal as the number of samples increases.

Despite these guarantees, two practical issues hinder the
execution of trajectories computed by kinodynamic planners.
Consider the kinodynamic planning problem of pushing an
object in Fig. 1. First, the initial trajectory is often suboptimal
due to limited planning time. Second, motion uncertainty,
arising from model mismatch and actuation errors, inevitably
induces deviation from the initial trajectory during open-
loop execution. Online replanning strategies [3]–[5] attempt
to handle trajectory suboptimality by recomputing trajectories
from the latest observed state. However, for kinodynamic AO
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Fig. 1. Illustration of open-loop and AURA execution for non-prehensile
manipulation. Under a limited time budget and with an approximated dynamics
model, open-loop execution of the planned path yields a suboptimal trajectory
and accumulates large execution deviation (blue). In contrast, AURA performs
online global replanning and local optimization, resulting in a better overall
trajectory and smaller execution error (orange).

planners, frequent replanning is computationally expensive,
may discard prior exploration progress, and without a steering
function, reconnecting to the original search tree is not trivial [6].

Meanwhile, receding-horizon control [7]–[9] mitigates mo-
tion uncertainty through closed-loop tracking of a reference
trajectory. However, the reference is typically fixed and not
improved during execution. Moreover, these methods often rely
on high-frequency state feedback [10]. In certain tasks—such as
the non-prehensile manipulation scenario shown in Fig. 1—state
observations may only be available at low-frequency discrete
action boundaries. (e.g., after a pushing action is executed due
to in-hand sensing).

In this work, we propose AURA, Asymptotically Optimal
Uncertainty-Robust Replanning Algorithm that combines the
global exploration and asymptotic guarantees of AO kinody-
namic planners [6], [11] with the local robustness of receding-
horizon control. Rather than treating planning and execution
independently, AURA operates as a meta-layer on top of any
forward-propagation-based AO planner, enabling: (i) continuous
online refinement of trajectory quality during execution, and
(ii) local control optimization to mitigate execution deviation.
Concretely, the contributions of AURA are:

• A novel online replanning framework for kinodynamic
AO planners that continuously improves trajectory quality
online without requiring a steering function.

• A GPU-accelerated local control optimization module
to empirically mitigate execution deviation up to 72%,
together with an existence proof that a recovering control
always exists under mild assumptions.

https://github.com/elpis-lab/AURA
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• Comprehensive evaluation across multiple dynamics mod-
els in simulated and real-world tasks, including learned
models, demonstrating up to 50% reduction in total task
time over receding-horizon and planning baselines.

II. RELATED WORK

This section reviews prior work most relevant to this method
from three perspectives: asymptotically-optimal kinodynamic
planning, online replanning, and robust control under uncertainty.
AURA lies at their intersection, combining AO kinodynamic
planners with global replanning and local optimization.

A. Asymptotically-Optimal Kinodynamic Planners

Sampling-based planners for kinodynamic systems must
satisfy system dynamics and constraints [12]. These methods
have been successfully applied to a variety of systems, while
avoiding the need for an explicit steering function. Among such
methods, SST* achieves asymptotic optimality through pruning
and best-node selection [6]. More generally, the meta-algorithm
AO-X [11] lifts any kinodynamic planner, e.g., RRT [13] or
EST [14], into asymptotically optimal planners by augmenting
the search in state-cost space.

However, AO planners guarantee convergence to the optimal
path only in probability as computation time increases [2].
Therefore, under limited time scenarios, the resulting solution
may remain substantially suboptimal. To address this challenge,
AURA exploits the extra time during execution, enabling the
planner to further refine and improve the trajectory quality.

B. Online Replanning

AO planning is typically cast as an offline problem, since
the planning terminates once a trajectory is selected for
execution. In contrast, real-time planning methods couple
planning and execution, enabling online adaptation based
on the current state during execution, but generally fail to
offer optimality [15]. Early work in this direction, RAMP
for non-holonomic systems [3], [16], leverages replanning
during execution to adapt to environmental changes and action
uncertainty. Moreover, RRTX [4] enables reconnecting to the
original tree at runtime when environment changes. However,
these methods require a steering function for local rewiring.

A recently proposed kinodynamic replanning framework,
KRAFT [5], avoids the need for the steering function. Neverthe-
less, it re-propagates the full tree after the state deviates from
the nominal trajectory, which cannot guarantee collision-free
execution without access to the true dynamics model. In contrast,
AURA computes a recovery control that steers the system back
to the collision-free planned trajectory without discarding the
planning progress or requiring to the true dynamics model.

C. Control and Optimization under Uncertainty

On the execution side, several control strategies have been de-
veloped to improve tracking accuracy and robustness under mo-
tion uncertainty, including Model Predictive Control (MPC) [7],
and robust control [8]. Among these, MPC and its variants can
explicitly handle system dynamics and constraints [17], [18].

Related extensions include differentiable MPC formulations that
enable online parameter adaptation [19], and sampling-based
stochastic control methods, such as MPPI [20]. Despite their
strong execution performance, they are susceptible to local
minima in long-horizon tasks.

A common solution is to follow a pre-planned reference tra-
jectory [21], [22], but these trajectories remain fixed throughout
execution and are not refined. AURA combines AO kinodynamic
planning with predictive optimization during execution to
improve execution accuracy under motion uncertainty while
continuing to refine the overall trajectory quality.

III. PROBLEM STATEMENT

In this work, the kinodynamic motion planning problem
under bounded execution uncertainty is considered. Let X
and U denote the state space and control space, respectively.
The state space X is partitioned into two disjoint subsets,
X = Xobs ∪ Xfree, where Xobs represents the invalid state
region and Xfree is the valid state region. The nominal dynamics
model f describes the evolution of the system:

x(T ) = x(0) +

∫ T

0

f(x(t), u(t))dt, (1)

where x(t) ∈ X and u(t) ∈ U denote the state and control
input of the system at time t. In practice, forward propagation is
commonly performed over time intervals ∆ti using piecewise-
constant controls [1]. Let Γ(·, ·) denote the nominal state
transition function over one such interval:

xi+1 = Γ(xi, ui) = xi +

∫ ∆ti

0

f(x(t), ui)dt, x(0) = xi

(2)
where xi is the start state and ui is the constant control applied
for propagation duration ∆ti ∈ [tmin, tmax].

Let π = (x0, u0, . . . , xT−1, uT−1, xT ) denote a trajectory,
where x = (xi)

T
i=0 ∈X T+1

free is the state trajectory generated
by applying the control sequence u = (ui)

T−1
i=0 ∈UT from

x0, satisfying Eq. 2. Let J(·) represent the cost function that
typically measures the quality of a trajectory, defined as:

J(π) =
∑T−1
i=0 ℓ(xi, ui), (3)

where ℓ : X × U → R+ is the running cost (e.g., path length,
time, or energy consumption).

During execution, the true system state may deviate from
the nominal state xi+1 due to model mismatch, unmodeled
dynamics, and actuation errors. This deviation is modeled as:

xgt
i+1 = Γ(xi, ui) + wi, (4)

where xgt
i+1 denotes the observed ground-truth system state after

applying control ui for ∆ti, and wi is the bounded execution
uncertainty, satisfying ∥wi∥ ≤ δ. Accordingly, the tracking
error along trajectory π is defined as:

E(π) =
∑T
i=0 ∥xi − xgti ∥, (5)

where xi and xgti denote the nominal and observed states after
execution, respectively.

The robust kinodynamic planning problem under motion
uncertainty is formalized as follows: Given an initial state xstart,
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Fig. 2. Time frame of AURA algorithm, which includes offline and runtime phase. The offline phase provides an initial guide for the next phase. At runtime,
three modules work concurrently for each ∆ti interval: (a) Execution module applies the next control and returns the resulting state, (b) global replanning
module expands the existing planning tree, and (c) optimization module predicts the possible future controls based on the next state. (d) At the end of the cycle,
all the data is synced to provide the inputs for the next cycle.

a goal region Xgoal, and the nominal propagation model Γ(·, ·),
AURA aims to determine a nominal trajectory π, such that:

xi+1 = Γ(xi, ui), i = 0, . . . , T − 1,

x0 = xstart, xT ∈ Xgoal, u0:T−1 ∈ UT , x0:T , xgt0:T ∈ X T+1
free .

(6)
while seeking to minimize the trajectory cost in Eq. 3 and the
tracking error in Eq. 5, thereby improve trajectory quality and
robustness to bounded motion uncertainty during execution.

IV. AURA FRAMEWORK

The main idea of AURA is shown in Alg. 1 and Fig. 2.
Given an AO planner P and the nominal forward propagator
Γ, AURA aims to produce a trajectory that satisfies the goal
condition while minimizing a cost function and execution
error. Let T denote the search tree maintained by P , and
Π = {π1, π2, ..., πN} denote the set of root-to-goal plans in T .
In the Offline Phase, P plans for planning time Tinit, and selects
the best trajectory π⋆ ∈ Π to start execution (Alg. 1, line 1 -
line 5). Afterward, the Runtime Phase begins, which consists of
three parallel modules running together: (a) Execution Module,
(b) Global Replanning Module, and (c) Local Optimization
Module. Rather than operating sequentially, these modules run
concurrently during trajectory execution. This procedure repeats
iteratively until the system reaches the goal region.

A. Execution Module

This module, shown as blue blocks in Fig. 2, is responsible
for applying the first control action uexec of the current best
trajectory for its associated duration ∆ti and observing the
resulting ground-truth state xgt

curr, during which the system
evolves based on Eq. 4 (Alg. 1, line 7). In simulation, the
system evolves based on the physics engine after applying the
control input. In the real world, the consequent state results
directly from the system’s physical response to the executed
control. In both cases, the resulting ground-truth state is then
observed and passed to the synchronization module. In this
work, the observation is assumed to be accurately available at
the end of each execution interval without measurement noise.

Algorithm 1: AURA Framework
Input: AO planner P; Transition function Γ(·, ·); Start state

xstart; Goal region Xgoal; Initial planning time Tinit;
Neighborhood sampling radius σ;

Result: Executed control sequence driving xstart to Xgoal

1 (Π, T )← PLAN(P,Γ, xstart,Xgoal, time = Tinit)

2 x
gt
curr ← xstart

3 π⋆ ← GETBESTPLAN(Π)
4 uexec ← GETFIRSTCONTROL(π⋆)
5 xnext ← GETNEXTPLANNEDSTATE(π⋆)

6 while xcurr /∈ Xgoal do
/* Execution Thread */

7 x
gt
curr ← EXECUTE(xgt

curr, uexec)
8 /* Replanning Thread */ ▷ Alg. 2
9 (Π, T )← REPLANNING(P,Γ, T , xnext,Xgoal,∆tuexec)

10 /* Optimization Thread */ ▷ Alg. 3
11 (Xchild,Uchild)← GETCHILDREN(xnext, T )
12 XB ← SAMPLENEARBY(xnext, σ)
13 Uopt ← OPTIMIZATION(XB,Xchild,Uchild,Γ)

/* Synchronization */
14 AWAITTHREADS()
15 Π← RECALCULATECOST(xgt

curr,Π)
16 π⋆ ← GETBESTPLAN(Π)
17 xnext ← GETNEXTPLANNEDSTATE(π⋆)

18 x⋆ ← NEAREST(xgt
curr,XB ∪ {xnext})

19 uexec ← Uopt[x
⋆, xnext]

B. Global Replanning Module

As noted earlier, the key property of the AO planner P is
asymptotic convergence to the optimal trajectory as the number
of samples increases [2]. This motivates resuming planning
from the existing tree to find higher-quality trajectories (Fig. 3).
Two main operations occur in this module: Pruning and
Replanning (line 9 of Alg. 1, i.e., Alg. 2).

Pruning: After selecting uexec, the search tree needs to
be updated to remain kinodynamically consistent. As shown
in Fig. 3, during execution toward x1, branches that are not
descendants of x1 (faded nodes) can no longer be used. Finding
a suitable control to connect x1 to these nodes constitutes a 2-
Point Boundary Value Problem (2PBVP) that requires a steering
function to solve, to which this work does not assume access.
The next state of π⋆, x1, is set as the new root (Alg. 2, line 1),
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Fig. 3. Tree update during the runtime phase. As the first segment of
the solution is executed from x0 to x1, nodes and edges that are no longer
reachable are pruned (faded), and new samples are added to the tree (dashed). If
a lower-cost solution (golden) is found, it becomes the new best trajectory π⋆.

Algorithm 2: Replanning
Input: AO planner P; Transition function Γ(·, ·); Tree Tcurr;

Next state xnext; Goal region Xgoal; Replanning time
Treplan;

Output: Updated plans Πnew, Updated tree Tnew
1 xstart ← xnext
2 Tpruned ← PRUNEUNREACHABLENODES(Tcurr, xstart)
3 (Πnew, Tnew)← PLAN

(
P, xstart,Xgoal,Γ, Treplan, Tpruned

)
4 return (Πnew, Tnew)

and all nodes and branches that are not descendants of this new
root are removed to construct the tree Tpruned (Alg. 2, line 2).

Replanning: The planner then continues refining the tra-
jectory, and runs for the remaining execution interval Treplan
with a new start state, starting with the existing tree Tpruned.
As P is an AO planner, there is a non-zero probability that a
lower-cost trajectory can be found [2], an example of which is
illustrated by the highlighted golden trajectory in Fig. 3.

C. Local Optimization Module

This module employs a novel precomputation-based opti-
mization strategy to reduce the tracking error defined in Eq. 5.
In contrast to MPC and other receding-horizon methods, which
compute the control after observing the updated state, AURA
computes candidate recovery controls for the next cycle before
the actual state is observed, during the current execution interval.
The resulting optimized control set Uopt serves as the candidate
pool for selecting the execution control in the next cycle.

In the presence of motion uncertainty (Eq. 4), executing the
control will lead the system to deviate from the nominal state
xi to the true state xgt

i ∈ Bδ(xi), where Bδ(xi) denotes the
neighborhood of xi defined as a ball of radius δ. As shown by
the solid red line in Fig. 4 (a), this deviation can accumulate
along the trajectory. Proposition 1 in Sec. V proves that there
exists a recovery trajectory segment, generated by a control
function urec, from the perturbed state back toward the nominal
trajectory. This motivates the use of numerical optimization

ℬ𝛿

ℬ𝜆𝛿 ℬ𝜆𝛿
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Fig. 4. Batched optimization process. (a) This is a trajectory segment. When
the executed state deviates from the desired state (xi), applying the nominal
control (red arrow) can further amplify the deviation. The optimization module
seeks to approximate the optimal recovery control (dashed red arrow). (b) For
each sample in the neighborhood of xi (green nodes) and each child on the
tree (orange nodes), AURA calculated an optimized control (dashed lines).

Algorithm 3: Optimization
Input: Sampled local nodes XB; Children nodes Xchild;

Corresponding controls Uchild; Transition Γ(·, ·);
Output: Optimized controls Uopt

1 (Xstart, Xchild, U
0)← ASSEMBLEBATCH(XB,Xchild,Uchild)

2 for k ← 0 to N do

3 L ←
∥∥∥Γ(Xstart, U

k
)
−Xchildren

∥∥∥2
4 Uk+1 ← CLIPU

(
Uk − α

∂L
∂Uk

)
5 return UN

to search for a local control that best approximates such a
recovery by minimizing the terminal propagation error.

While the execution is underway, this module samples a
batch of states XB in the neighborhood of the next successor
state (Alg. 1, line 11 - line 12) as candidates for possible
execution outcomes, illustrated as green states in Fig. 4. For
each sampled candidate, the next planned control provided by
the planner (solid lines in Fig. 4 (b)) serves as an initial guess
for an optimization process that adjusts control inputs to get
closer to the next children (dashed line in Fig. 4 (b)).

Alg. 3 shows the optimization procedure over all pairs
between the b sampled states in XB and the c child states
in Xchild. The optimizer computes one recovery control for each
sampled state–child pair, producing a set of b× c optimized
controls. To enable efficient GPU-based parallel optimization,
the sample–child inputs are vectorized into aligned matrices.
Each sampled state is repeated c times, once for each child
state, while the child states and corresponding planned controls
are repeated for each of the b sampled states. This forms three
aligned matrices with b× c entries: initial states Xstart, target
states Xchild, and planned controls U0 (Alg. 3, line 1).

To numerically estimate urec for each sample-child combina-
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tion and minimize the error ∥Γ(Xstart, U)−Xchild∥, this module
employs gradient descent with step size α using the dynamics
gradient with respect to the control inputs (Alg. 3, line 2 -
line 4). After each update, the controls are projected onto the
admissible set U . This formulation makes AURA compatible
with any differentiable dynamics, including analytical functions
and learned models, while gradients for unknown dynamics
can be approximated using batched finite differences.

D. Synchronization

At this stage of the process, the execution thread has advanced
the system to a new state xcurr, the global replanning process
has expanded the tree from the new root, and the optimization
process has generated a Uopt set to mitigate deviation.

After the execution, any small deviations can alter the relative
costs of previously computed trajectories. Therefore, at the
end of each cycle, the costs of the stored candidate solutions
are recalculated (Alg. 1, line 15) based on the current state.
Accordingly, the next state along the current best trajectory π⋆

is chosen as the next target state (Alg. 1, line 16 - line 17).
Additionally, the state in XB that is nearest to xcurr is selected
as the best estimate (Alg. 1, line 18). Based on this estimate and
the target state, the best optimized control is selected from Uopt
to be executed in the next cycle (Alg. 1, line 19). If the target
state is a newly added child, its recovery control is optimized on
demand, since the local optimization module had not included
the new child in the precomputed batch.

V. RECOVERY CONTROL EXISTENCE PROOF

This section proves the existence of a recovery control that
takes a perturbed state back toward the nominal successor along
a planned trajectory, as shown in Fig. 4 (a).

Assumption 1. The system dynamics Γ is Lipschitz continuous
in both the state and control variables. Formally, ∃KΓ

x ,K
Γ
u ≥ 0

such that, ∀x, x′ ∈ X , ∀u, u′ ∈ U:

∥Γ(x, u)− Γ(x′, u)∥ ≤ KΓ
x ∥x− x′∥,

∥Γ(x, u)− Γ(x, u′)∥ ≤ KΓ
u∥u− u′∥.

(7)

Assumption 2. The system satisfies Chow’s condition [6].

Chow’s condition implies small-time local accessibility
(STLA), meaning that the reachable set from a state contains
an open neighborhood around that state.

Such assumptions are standard in the analysis of kinodynamic
sampling-based planners. Under these assumptions, we borrow
the following result from [6, Lemma 6, Definition 7].

Lemma 1. Let x be a feasible state trajectory for a system
satisfying Assumption 1 and Assumption 2. Then there exists
a positive value δ0, termed dynamic clearance, such that for
every η ∈ (0, η0], every x′0 ∈ Bδ(x0), and every x′T ∈ Bδ(xT ),
there exists a dynamically feasible state trajectory x̂ satisfying
x̂0 = x′0 and x̂T = x′T . The trajectory is called δ-robust if both
its obstacle clearance ϵ, i.e., minimum distance from obstacles
over all trajectory states, and its dynamic clearance η0 are
greater than δ.

With Lemma 1, we can obtain the following proposition.

Proposition 1 (Existence of a Recovery Segment). Let xixi+1

be a segment from xi to xi+1 along a δ0-robust nominal state
trajectory. Then for any perturbed state x′i ∈ Bδ(xi) with
δ ≤ δ0, there exists a dynamically feasible state trajectory
segment x′ixi+1 from x′i to xi+1.

Proof. Consider a nominal δ0-robust trajectory segment xixi+1.
By Lemma 1, for any δ ∈ (0, δ0], any initial state x̂0 ∈ Bδ(xi),
and any terminal state x̂T ∈ Bδ(xi+1), there exists a dynami-
cally feasible trajectory segment connecting x̂0 to x̂T . Setting
x̂0 = x′i and x̂T = xi+1, since xi+1 ∈ Bδ(xi+1) for any
δ > 0, there exists a dynamically feasible trajectory from x′i to
xi+1.

Proposition 1 guarantees the existence of a local recovery
trajectory segment, together with an admissible recovery control
function urec. The proposed optimization module does not claim
to recover urec exactly from the nominal initialization. Instead,
it is a practical local search that attempts to approximate it with
uopt by minimizing the terminal propagation error ∥Γ(x′i, uopt)−
xi+1∥2. Therefore, the theory motivates the objective of the
optimization, while the optimization module (Sec. IV-C) serves
as a numerical approximation mechanism.

Additionally, Proposition 2 shows that exact recovery is not
required, and provides a conditional sufficient criterion. If the
local optimization produces a control whose predicted successor
is sufficiently close to the nominal target, and the remaining
execution error is bounded, the executed successor remains
inside the original δ-neighborhood. If the execution errors were
routinely on the order of δ, then a planned δ-robust trajectory
would itself be unreliable, since the system could easily leave
the clearance region and collide with obstacles.

Proposition 2 (Approximate Recovery Suffices). Let x′i ∈
Bδ(xi), and suppose the local optimization module returns
a control uopt such that Γ(x′i, uopt) ∈ Bλδ(xi+1) for some
λ ∈ (0, 1). If the execution error is bounded by (1− λ)δ, that
is, ∥x′i+1 − Γ(x′i, uopt)∥ ≤ (1− λ)δ, where x′i+1 denotes the
executed successor state, then we have x′i+1 ∈ Bδ(xi+1).

Proof. Applying the triangle inequality gives

∥x′i+1 − xi+1∥ ≤ (1− λ)δ + ∥Γ(x′i, uopt)− xi+1∥
≤ (1− λ)δ + λδ = δ.

(8)

Hence x′i+1 ∈ Bδ(xi+1).

VI. EXPERIMENTS AND RESULTS

This section presents a detailed experimental evaluation
of AURA on multiple systems with different dynamics in
both simulation and real-world environments. The results
demonstrate the effect of different modules on the overall
performance. All the experiments were run on a workstation
with an Ultra7-265KF CPU, an NVIDIA RTX4070 Ti Super
GPU, and 32GB of RAM.

To demonstrate the generalizability of the proposed method,
systems with different nominal dynamics and state spaces were
investigated, including:

• 6D Double Integrator: A single-point acceleration control
model used for forward propagation, with state space
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Fig. 5. Trajectory quality comparison. The final cost value of the solution path is represented for three planners across four dynamics averaged over 100
trials. When integrated with AURA, AO planners can further improve trajectory quality during execution in the runtime phase, given any initial planning time.

x = [px, py, pz, ṗx, ṗy, ṗz]
⊤ ∈ X ⊆ R6 where p denotes

position, and control space u = [p̈x, p̈y, p̈z]
⊤ ∈ U ⊆ R3.

• Kinematic Car: A planar reduced-order kinematic bicycle
model with state x = [px, py, θ]

⊤ ∈ X ⊆ SE(2) and
control u = [v, ϕ]⊤ ∈ U ⊆ R2, where θ, v, and ϕ denote
yaw, longitudinal velocity, and steering angle, respectively.
The dynamics follow the model in [23].

• Learned Non-prehensile Pushing: A learned dynamics
of contact-rich planar pushing following the model in [24],
with state x = [px, py, θ]

⊤ ∈ X ⊆ SE(2) and control u =
[pc, ud]

⊤ ∈ U ⊆ R2, where pc continuously parameterizes
an object-relative contact point along the object boundary,
and ud specifies the pushing distance.

• Nonlinear 6D Dubins Airplane: A nonlinear 3D flight
model with state x = [px, py, pz, ψ, γ, v]

⊤ ∈ X ⊆ R6 and
control u = [a, ωψ, ωγ ]

⊤ ∈ U ⊆ R3, where ψ, γ, and v
denote yaw, pitch, and speed, and a, ωψ , and ωγ denote
acceleration, yaw-rate, and pitch-rate, respectively [25].

The robustness of AURA was evaluated across environments
with different forms of execution uncertainty w (Eq. 4).

• Gaussian Noise (GN): Execution uncertainty is modeled
as bounded additive Gaussian noise applied to the nominal
motion of each system.

• Mujoco Simulation: Uncertainty arises from the mismatch
between the nominal dynamics and the MuJoCo simulation
dynamics [26], evaluated using a MuSHR car model [27]
with a simplified reduced-order model (shown in Fig. 6 (a))
and a UR10 manipulation task (Fig. 6 (b)).

• Real-World Robot: Hardware inaccuracies and unmodeled
dynamics introduce uncertainty in a tabletop manipulation
task (Fig. 6 (c)).

For each system and environment, three AO planners imple-
mented in the Open Motion Planning Library (OMPL) [28]
were used: SST [6], AO-RRT, and AO-EST [11].

A. Runtime Trajectory Quality Improvement

As discussed in Sec. IV-B, AURA utilizes each execution
interval ∆ti to continue the global search from the retained
planning tree, and progressively improves the cost of the
candidate trajectory. This experiment evaluates the attained
improvement in this cost value J(π) under a noise-free
execution setting (∥w∥ = 0) on a matched initial planning
budget Tinit, thereby isolating the effect of runtime global
replanning on solution quality from the effects of tracking error.

(a) Car in Simulation (b) Manipulator in Simulation (c) Manipulator in Real-World

Fig. 6. Evaluation environments. (a) MuJoCo MuSHR car, (b) MuJoCo
UR10 non-prehensile task, and (c) Real-world UR10 non-prehensile task.

The baseline is the trajectory generated by the corresponding
vanilla AO planner , as shown in Fig. 5. As the execution
deviation is zero, no recovery is required for this experiment.

For all the systems and planners, AURA consistently produced
lower-cost trajectories than the corresponding vanilla planners,
given the same offline planning time. The benefit is more
pronounced for shorter planning budgets and generally decreases
as the offline planning time increases, since longer planning
already returns lower-cost trajectories. A similar trend is
observed for the learned dynamics model, where finding a
solution is more challenging, and the nonlinear 6D Dubins
airplane, where 3D dynamics are strongly coupled. This
experiment therefore demonstrates AURA ’s ability to reduce
initial computation while continuing trajectory refinement
during execution, which is consistent with the theoretical
properties of asymptotic optimality [2].

TABLE I
MEAN STEP-WISE TRACKING ERROR

System Environment AURA MPPI Open-loop Execution

Double Integrator GN 0.00175 0.00194 0.00368

Kinematic Car GN 0.03913 0.03146 0.13798

Pushing Dynamics GN 0.02903 0.02671 0.05856

Dubins Airplane GN 0.06404 0.06390 0.14991

Kinematic Car MuJoCo 0.04477 0.03941 0.15385

Pushing Dynamics MuJoCo 0.02015 0.01942 0.03621

Pushing Dynamics Real-World 0.08313 0.07426 0.18560

B. Tracking Robustness

To examine how local optimization affects execution under
uncertainty, step-wise tracking error was measured using Eq. 5.
This evaluation includes execution uncertainty, where for each
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AORRT

SST

AOEST

Replanning

MPPI

RobRRT

Fig. 7. Task time comparison. The distribution of overall task completion time (in seconds) over multiple trials for AURA, Restart Replanning, MPPI, and
Robust-RRT is shown over 100 trials. The offline planning times were 10s for the double integrator, kinematic car, and Dubins airplane, and 5s for the pushing
system. Lower values indicate faster task completion and better performance.

trial, an arbitrary reference trajectory is generated by propagating
10 randomly sampled piecewise-constant controls through the
nominal dynamics (Eq. 2), with each control applied for one
execution interval. For real-world trials, this is reduced to 5
pushes. Results are averaged over 100 trials for simulation and
20 for real-world. The comparison is made against open-loop
execution, in which the nominal controls are applied without
feedback, and MPPI, which observes the current state, optimizes
a finite-horizon control sequence online, and executes its first
control. In AURA, the best optimized control is selected at each
step from Uopt as described in Sec. IV-C.

As reported in Table I, AURA substantially decreases tracking
error relative to open-loop execution across all systems, and
remains comparable to MPPI. Unlike MPPI, which performs
optimization after observing the state, AURA precomputes
candidate recovery controls during the execution and selects
the best one at the synchronization point.

C. End-to-End Task Time Efficiency

To evaluate the overall task performance, wall time was
measured as the total elapsed time required for each system
to reach the goal, under motion uncertainty. This includes
both the initial offline planning time and the total execu-
tion time. The baselines includes Restart Replanning (RR),
Model Predictive Path Integral (MPPI) [20] and Robust-RRT
(RobRRT) [29]. Following common practice in replanning
under uncertainty [30], RR checks the step-wise deviation
from its nominal trajectory. When this deviation exceeds
a threshold, it discards the existing search tree and replans
from the current observed state to the goal. MPPI provides
receding-horizon control optimization. RobRRT incorporates
execution uncertainty directly into planning using sampling-
based reachable-set approximations [31].

Fig. 7 demonstrate that AURA reliability reduces wall time
by utilizing global replanning and local optimization modules.
Although RR uses the latest ground-truth state for planning,
each restart requires a costly trajectory recomputation. In more
complex settings, such as MuJoCo simulation and real-world
setting, RR exhibits higher variance and longer execution times.

While MPPI outperforms AURA on the double integrator,
indicating that finite-horizon optimization is sufficient for simple

1 2 3 4 5

1

2

3

4

5

(b) Wall Time Over Different Hyperparameters(a) Experiment Environment

x
y

1 2 3 4 5

Fig. 8. Hyperparameters Analysis. (a) XY plane with obstacles (black) and
their inflated boundaries (dashed lines). The red simulated car is tasked with
reaching the goal region (Green). The gray trajectory is the offline planning
output, the purple segment shows the executed trajectory, and the blue line
shows the best current trajectory computed by AURA. (b) Effect of different
offline planning times and maximum control durations on the overall wall
time.

dynamics, its wall time increases substantially in more complex
systems. This is because MPPI optimizes over a limited horizon
without explicit awareness of the global state space or long-term
constraints. Therefore, the controller aligns locally feasible
states and converges to local minima. On the other hand, Robust-
RRT have greater planning overhead with multiple forward
propagations for each tree expansion, and it does not provide
an asymptotic-optimality guarantee. In contrast, AURA retains
global exploration and trajectory refinement, supporting more
efficient task completion in complex systems and environments.

D. Hyperparameter Analysis

This section analyzes the sensitivity of AURA to two critical
hyperparameters: Offline Planning Time Tinit and Maximum
Control Duration tmax, which set the initial computation budget
and upper bound on the sampled control duration, respectively.
This experiment was conducted using the kinematic car with
AO-RRT in the environment shown in Fig. 8 (a), where the
average wall time was measured over 50 trials under different
hyperparameter settings. For each planning edge, the control
duration is sampled as ∆ti ∈ [tmin, tmax]. In this environment,
the optimal solution passes through the narrow passage on the
right, while a longer trajectory through the wider region on
the left is more likely to be found during early planning.
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As shown in Fig. 8 (b), larger offline planning time generally
increases wall time. Since the reported wall time includes Tinit,
additional offline computation improves end-to-end efficiency
only when the resulting trajectory improvement compensates
for the added planning delay. This supports beginning execution
once a feasible trajectory is available and continuing trajectory
refinement during runtime.

The maximum control duration also influences wall time by
changing the range of durations available to the planner and,
consequently, the frequency of execution and replanning cycles.
Across the tested settings, smaller tmax values generally result
in lower wall time, although the trend is not strictly monotonic
across offline planning budgets. The lowest average wall time,
approximately 10s, is obtained at Tinit = 3s and tmax = 1s.

Overall, this analysis indicates that AURA’s wall time is
generally better with short offline planning budgets. Since
tmax = 1 s is the smallest value evaluated, it represents the
best tested setting rather than a general optimum; the preferred
maximum control duration depends on the system.

VII. LIMITATION AND FUTURE WORK

This paper presents AURA, a meta-planning framework for
robust motion planning under execution uncertainty. AURA
augments kinodynamic AO planners with two complementary
online modules: (i) a Global Replanning Module that continue
refining the trajectory during execution, and (ii) a Local
Optimization Module that precomputes recovery controls for
possible execution outcomes. By combining online global
exploration and local recovery optimization, AURA improves
trajectory quality while mitigating tracking errors without
requiring extensive offline planning. Experimental results across
analytical and learned dynamics demonstrate the generality and
practical effectiveness of this method under motion uncertainty.

Despite the advantages of the proposed method, some
limitations remain. The local optimization module performance
depends on the sampled batch and nominal dynamics accuracy.
Consequently, tracking performance may degrade with poor
optimizer convergence, or disturbances beyond the motion-
uncertainty bound δ. Moreover, the recovery guarantee assumes
that a nominal trajectory with clearance greater than δ exists.
When the environment contains passages narrower than the
uncertainty tube, such a trajectory may not exist with this method.
The current formulation also assumes static obstacles and noise-
free observation. Future work, will investigate parallelizing
planning computations for both offline and runtime phases [32],
accelerating the overall pipeline and better support systems
requiring shorter control durations.
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