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RMRRT: Riemannian Barrier Metric RRT

for Inequality-Aware Steering on Equality Manifolds

Abstract—This paper presents a motion planning framework
that unifies equality and inequality constraints within a single
geometric formulation for sampling-based planning in high-
dimensional robotic systems. In conventional sampling-based
planners, equality constraints are typically enforced through
projection, whereas inequality constraints are handled separately
through binary validity checks such as collision testing, often
leading to inefficient exploration. To address this limitation,
we propose Riemannian Barrier Metric RRT (RMRRT), which
constructs a unified local geometry for planning on equality-
constrained manifolds. RMRRT first builds an ambient barrier
metric from inequality-sensitive barrier terms and then induces
a tangent-space metric via a G-orthogonal projection associated
with the equality constraints. The resulting tangent-space metric is
used consistently in both steering and nearest-neighbor selection,
biasing exploration away from nearby inequality boundaries
while preserving first-order equality consistency. Experimental
results show that RMRRT achieves a 100% success rate across
diverse constrained manipulation tasks in both simulation and
real-world settings, while reducing planning time relative to
representative constrained planning baselines. Ablation studies
further demonstrate that the proposed metric improves explo-
ration quality by reducing rejected samples and shortening path
length. Experiment videos and source code are available at:
https://rmrrt-anonymous.github.io

Index Terms—Constrained motion planning, Sampling-based
planning, Riemannian metric, Barrier function, Multi-arm ma-
nipulation.

I. INTRODUCTION

SAMPLING-based motion planning becomes particularly
challenging when robotic systems are subject to simul-

taneous equality and inequality constraints [1]–[3]. Equality
constraints commonly arise from closed-chain kinematics [4]–
[6], grasp maintenance [7]–[9], and cooperative multi-arm
manipulation [10], [11], restricting feasible configurations to an
implicit manifold embedded in the ambient configuration space
[12]–[14]. Inequality constraints, such as obstacle avoidance
[15], [16], self-collision [17]–[19], and joint limits [2], [20],
further restrict admissible regions through state-dependent
boundaries. Under such conditions, feasible configurations
typically occupy only a small fraction of the ambient space,
making exploration efficiency and steering quality central to
planning performance.

In conventional sampling-based planners, equality constraints
are typically enforced through projection onto the constraint
manifold, whereas inequality constraints are handled separately
through binary validity checks such as collision testing [12]–
[14], [21]. This decoupled treatment often leads to inefficient
sample rejection and unstable steering, particularly in highly
constrained environments where admissible regions are narrow
or fragmented. Consequently, integrating equality and inequality

Fig. 1: Real-world demonstration of RMRRT with three manip-
ulators cooperatively transporting a chair under simultaneous
equality and inequality constraints for closed-chain grasp
maintenance and collision avoidance.

constraints into a unified exploration framework remains a
fundamental challenge in sampling-based motion planning. In
this work, we address this challenge by proposing a unified
geometric formulation that directly incorporates inequality-
induced boundary geometry into exploration on equality-
constrained manifolds.

A. Related Work

Sampling-based robot motion planning under constraints has
been studied from multiple perspectives, largely distinguished
by how equality and inequality constraints are represented
and integrated into exploration. Prior work can be broadly
grouped into three categories: (i) manifold-based approaches
that plan directly on equality-constrained manifolds, (ii) metric-
based approaches that encode inequality-induced geometry into
distances or local metrics, and (iii) data-driven approaches that
accelerate exploration using learned or precomputed priors.

1) Manifold-Based Motion Planning: Manifold-based mo-
tion planning explores directly on implicitly defined equality-
constrained manifolds, aiming to preserve equality feasibil-
ity throughout planning [5], [12]–[14]. Atlas-based planners
approximate the manifold using collections of local charts
and transition across neighboring charts during expansion,
improving robustness in highly curved regions [13], [22].
Tangent-space methods instead generate local motions in the
Jacobian-defined tangent space and apply manifold-consistent
correction, such as local projection, to obtain equality-feasible
extensions [12], [14]. However, in most such approaches,
tangent-space information is used primarily to maintain equality
feasibility, while nearest-neighbor selection and steering are
not consistently informed by nearby inequality boundaries. As
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a result, inequality constraints often affect exploration only
through post-hoc rejection by external validity checks such as
collision testing [23], which can lead to many unproductive
extension attempts in narrow or cluttered environments [24],
[25].

2) Metric-Based Motion Planning: Metric-based approaches
incorporate inequality constraints into costs, distance measures,
or state-dependent metrics to discourage motions toward
constraint boundaries and bias exploration toward admissible
regions. Classical examples include artificial potential fields and
continuous obstacle-based cost formulations [26], [27], while
more recent Riemannian approaches construct non-Euclidean
metrics from curvature or Hessian information associated with
inequality constraints [28], [29]. Related reactive frameworks
such as RMPflow also use task-space Riemannian structures to
generate local motion policies under multiple objectives [30].
While effective at encoding inequality-aware local geometry,
these approaches are typically formulated in the ambient
configuration space and do not directly provide equality-
consistent motions on implicitly defined manifolds. In practice,
additional projection or correction mechanisms are therefore
required to recover manifold consistency during steering and
tree expansion.

3) Data-Driven Motion Planning: Data-driven approaches
accelerate constrained planning by exploiting learned or pre-
computed structure in the feasible space. Representative direc-
tions include learning low-dimensional latent representations
of equality-constrained manifolds [6], [31], learned samplers
or policies that bias expansion toward promising regions, and
offline roadmap-based methods that reduce online search burden
through precomputed feasible-state connectivity [5], [32]. These
methods can significantly improve efficiency when the learned
prior or precomputed structure matches the target problem well.
However, their performance may depend on training coverage,
prior quality, or the suitability of the offline structure under
changed environments or constraints.

4) Structural Gap Across Existing Approaches: Despite
their respective strengths, existing approaches share a deeper
structural limitation: they do not provide a single local geometry
that is simultaneously equality-consistent and inequality-aware.
In manifold-based planners, equality constraints define admis-
sible first-order motion through tangent spaces and projection
operators, but the local geometry used for exploration remains
largely insensitive to nearby inequality boundaries. In metric-
based planners, inequality constraints reshape local distances or
energies, but the resulting geometry is typically defined in the
ambient space and does not directly yield equality-consistent
motions. Data-driven approaches can bias exploration toward
favorable regions, but they generally do so through learned or
precomputed priors rather than through an explicit geometric
object coupling both constraint classes.

This separation reflects a genuine geometric mismatch rather
than a mere modeling choice. A natural way to encode
inequality constraints as a continuous local geometry is through
a barrier-induced metric, which increases near active constraint
boundaries. However, such geometry is naturally defined in
the ambient configuration space, whereas admissible motions
under equality constraints are restricted to a Jacobian-defined

tangent space. Accordingly, simply combining a barrier metric
with a standard Euclidean null-space projector is insufficient;
the projector itself must be compatible with the metric defining
the local geometry. This observation motivates the central
construction of this work: a metric-compatible tangent projec-
tion and the induced tangent-space metric, used consistently
across nearest-neighbor selection, local steering, and manifold
correction to provide planner-wide geometric consistency.

B. Overview of Our Approach

As discussed above, existing sampling-based planners do not
provide a single local geometry that is simultaneously equality-
consistent and inequality-aware. This geometric mismatch
requires a projection that is compatible with the metric defining
the local geometry, which leads to the G-orthogonal projector
and the induced tangent-space metric used in this work.

Motivated by this observation, we propose Riemannian
Barrier Metric RRT (RMRRT), a sampling-based planner that
redefines local planning geometry on equality-constrained
manifolds. The key idea is to endow equality-consistent
motions with a barrier-informed Riemannian structure that
captures the local influence of inequality constraints such as
obstacle proximity, self-collision, and joint limits. Concretely,
we first construct a state-dependent ambient barrier metric
from inequality-sensitive barrier terms, and then induce a
metric on the tangent space through a barrier-compatible
projection associated with the equality-constraint Jacobian. The
resulting geometry not only preserves equality consistency, but
also reshapes local exploration according to nearby inequality
boundaries.

Based on this induced geometry, RMRRT performs local
steering by selecting tangent directions that make first-order
progress toward the target while penalizing motions toward
nearby inequality boundaries. The same induced tangent-space
metric is also used in nearest-neighbor selection, yielding a
notion of local connectability that is consistent with equality-
constrained expansion. As a result, inequality constraints
influence the exploration mechanism itself rather than entering
only through post-hoc validity checks.

The main contributions of this paper are summarized as
follows:

• We introduce an ambient barrier metric and a G-orthogonal
projection that together induce a tangent-space metric for
sampling-based planning on equality-constrained mani-
folds. This construction captures both manifold structure
and inequality-boundary sensitivity within a single local
geometry.

• Building on this construction, we develop a bidirectional
RRT-based planner for inequality-aware exploration on
equality-constrained manifolds. The proposed planner
incorporates the induced tangent-space metric into the
expansion process so as to bias tree growth away from
nearby inequality boundaries while preserving equality
consistency.

• We use the same induced tangent-space metric consistently
in both steering and nearest-neighbor selection, establish-
ing planner-wide geometric consistency during exploration.
This aligns node selection with the local directions favored
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during expansion, in contrast to planners that rely on
Euclidean proximity for selection and enforce equality
consistency only during steering.

• We validate the proposed method through simulation and
real-world experiments on constrained manipulation tasks
involving multi-arm and humanoid systems. The results
show improved planning efficiency and reliability over
representative constrained planning baselines in challeng-
ing environments with coupled equality and inequality
constraints [6], [13], [14], [21], [32].

The remainder of this paper is organized as follows. Section II
introduces the necessary preliminaries, including equality-
constrained manifolds and barrier-based metrics. Section III
presents the proposed RMRRT methodology in detail. Sec-
tion IV reports experimental results on a variety of constrained
manipulation scenarios. Finally, Section V concludes the paper
and discusses directions for future work.

II. PRELIMINARIES

This section introduces the notation and geometric prelimi-
naries used throughout the paper. Specifically, we formulate
the motion planning problem under equality and inequality
constraints, review equality-constrained manifolds and their
tangent spaces, and summarize barrier-based representations
of inequality constraints used in the metric construction of
Section III.
Notation. Throughout the paper, n denotes the configuration-
space dimension, meq the number of equality constraints, k
the number of inequality constraints, and mproxy the number
of geometric proxy points used in the barrier metric. The
scalar λ > 0 denotes the metric regularization parameter,
and Lagrange multipliers are written as ν or µ. The equality-
constraint Jacobian is denoted by J(q) ∈ Rmeq×n, while proxy-
point Jacobians are written as Jj(q) ∈ R3×n.

A. Problem Formulation

We consider motion planning problems for robotic systems
operating in a continuous configuration space Q ⊂ Rn, where
a configuration is denoted by q ∈ Q. The system is subject to
both equality and inequality constraints, which jointly define the
feasible configuration space. Equality constraints are expressed
as

g(q) = 0, (1)
where g : Rn → Rmeq is a differentiable constraint function.
These constraints restrict feasible configurations to an implicitly
defined manifold embedded in the ambient configuration space.

In addition, inequality constraints are given by
hi(q) > 0, i = 1, . . . , k (2)

where each hi : Rn → R represents a state-dependent
constraint. Together, the inequality constraints define admissible
regions within the equality-constrained manifold. The overall
feasible configuration set is therefore defined as

F = {q ∈ Q | g(q) = 0, hi(q) > 0, ∀i} . (3)
We assume that valid start and goal configurations lie within
F , and focus on planning collision-free motions that remain
feasible throughout the planning process. In sampling-based

motion planning, this requires generating tree expansions
that preserve equality constraints while avoiding violations
of inequality constraints.

B. Equality-Constrained Manifolds and Tangent Spaces

Equality constraints of the form g(q) = 0 define an implicit
manifold embedded in the ambient configuration space Q.
Specifically, the equality-constrained manifold is given by

M = { q ∈ Q | g(q) = 0 }. (4)
Let J(q) denote the Jacobian of the constraint function,

J(q) =
∂g(q)

∂q
∈ Rmeq×n. (5)

If J(q) has full row rank meq for all q ∈ M, then M is a
smooth manifold of dimension n−meq

1.
At a configuration q ∈M, the tangent space ofM is defined

as
TqM = { v ∈ Rn | J(q)v = 0 }. (6)

This space characterizes the set of infinitesimal velocities that
preserve the equality constraints to first order. In sampling-
based motion planning, tangent directions are used to construct
local expansions, and a retraction is applied when needed to
keep the expanded state on the manifold M. Moreover, when
J(q) has full row rank meq, the matrix J(q)J(q)⊤ is invertible,
which allows defining the orthogonal projector onto TqM as

Q(q) = I − J(q)⊤
(
J(q)J(q)⊤

)−1
J(q), (7)

where I denotes the n × n identity matrix. The projector
Q(q) satisfies J(q)Q(q) = 0 and maps arbitrary vectors
in Rn onto the tangent space TqM. This tangent-space
formulation provides a fundamental tool for constructing
constraint-consistent steering and expansion operators, which
will be exploited in the proposed approach.

C. Inequality Constraints and Log-Barrier Functions

As introduced in (2), the inequality constraints induce state-
dependent boundaries that restrict admissible configurations
within the equality-constrained manifold. In sampling-based
planning, such constraints are typically handled via binary
feasibility checks. To obtain a continuous representation of
inequality constraints, we adopt a log-barrier formulation.
Specifically, given a set of k inequality constraints {hi(q)}ki=1,
we define the logarithmic barrier function

ϕ(q) = −
k∑

i=1

log hi(q). (8)

This function grows rapidly as a configuration q approaches
the boundary of the admissible region, thereby smoothly
encoding proximity to inequality constraints. Moreover, the
Hessian of the barrier function captures second-order informa-
tion associated with the curvature of the constraint boundaries,
providing a principled means to quantify how inequality
constraints locally distort the geometry of the configuration
space. This property makes log-barrier functions well-suited
for defining geometry-aware structures that can be leveraged
during planning, as will be described in Section III.

1This condition corresponds to the standard regularity assumption of the
implicit function theorem.
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(a)

Obstacle-induced holes

(b)

Fig. 2: Conceptual illustration of inequality-induced geometry on an equality-constrained manifold. (a) Equality-constrained
manifold under the implicit assumption of full admissibility, as commonly treated in tangent-space and projection-based planners.
(b) The same manifold after removing infeasible regions induced by inequality constraints, which form holes in the feasible
subset. Although the equality constraint is unchanged, the admissible region exhibits nontrivial geometry that is not captured by
conventional steering. RMRRT accounts for this geometry through a Riemannian metric defined on the tangent space.

III. RIEMANNIAN BARRIER METRIC RRT

In this section, we present Riemannian Barrier Metric RRT
(RMRRT), a sampling-based planner that combines equality-
manifold admissibility with inequality-aware local geometry.
We first construct an ambient barrier metric and the induced
tangent-space metric, and then show how the resulting geometry
is used consistently in steering, nearest-neighbor selection, and
manifold correction.

A. Proposed Framework

RMRRT builds on a bidirectional RRT-Connect backbone,
but replaces purely Euclidean local expansion with a geometry
that reflects both equality and inequality constraints. The
motivation is illustrated in Fig. 2a–2b. In the absence of active
inequality boundaries, tangent-space steering on the equality-
constrained manifold provides a natural local motion model and
is widely used in projection-based constrained planners [5],
[12], [13]. However, when inequality constraints carve out
infeasible regions on the same manifold, the feasible subset
becomes geometrically nontrivial. In such settings, steering
based only on tangent feasibility repeatedly proposes motions
toward nearby invalid regions, leading to frequent rejection
and unstable exploration.

The key idea of RMRRT is therefore to replace uniform
tangent-space geometry with an inequality-aware local geom-
etry on admissible motions. Equality constraints define the
tangent space of feasible first-order motion, while inequality
information reshapes the local exploration bias on that space
through a barrier-informed metric. This yields local expansions
that remain equality-consistent to first order while being biased
away from nearby inequality boundaries. The next subsection
formalizes this construction through an ambient barrier metric,
a metric-compatible projector, and the induced tangent-space
metric.

B. Riemannian Barrier Metric Construction

We first construct an ambient barrier metric that captures how
proximity to inequality boundaries reshapes local geometry. In

Algorithm 1 BUILDMETRIC(q): Riemannian barrier metric

Require: Configuration q
Ensure: Ambient barrier metric G(q), tangent projector P (q),

induced tangent-space metric M(q)
1: for j = 1, . . . ,mproxy do
2: Compute proxy point pj(q) and signed distance dj(q)
3: Compute point Jacobian Jj(q) = ∂pj(q)/∂q
4: end for
5: G(q)← λI +

∑mproxy

j=1 wj(q) J
⊤
j (q)Jj(q)

6: Compute equality Jacobian J(q)
7: A← J(q)G−1(q) J⊤(q)
8: P (q)← I −G−1(q)J⊤(q)A−1 J(q)
9: M(q)← P⊤(q)G(q)P (q)

10: return G(q), P (q),M(q)

principle, this metric could be formed from the exact Hessians
of the inequality barrier terms:

G(q) = I +

k∑
i=1

αi∇2ϕi(q), (9)

where ϕi is the log-barrier associated with the i-th inequality
constraint and αi > 0 is a weighting factor. This ideal form
directly reflects boundary-induced curvature, assigning larger
metric cost to motions that reduce constraint margins.

In practice, however, exact barrier Hessians are expensive and
numerically fragile in cluttered scenes, since signed-distance
fields may become nonsmooth under closest-feature changes
and contact switching. We therefore adopt a Gauss–Newton
(GN) surrogate that retains the dominant positive semidefinite
contribution of the barrier curvature. For a distance-based
inequality constraint with signed distance d(q) and barrier
ϕ(q) = ϕ(d(q)), the chain rule gives

∇2ϕ(q) = ϕ′′(d)∇d(q)∇d(q)⊤ + ϕ′(d)∇2d(q). (10)

The second term depends on the curvature of the signed-
distance field and may be ill-conditioned or undefined near
feature switching. We therefore retain only the dominant
positive semidefinite term and use the approximation

∇2ϕ(q) ≈ ϕ′′(d)∇d(q)∇d(q)⊤. (11)

Now let p(q) ∈ R3 be a geometric proxy point with Jacobian
Jp(q) = ∂p(q)/∂q ∈ R3×n, and let n(q) = ∂d/∂p ∈ R3
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denote the local distance normal. Then
∇d(q) = n(q)⊤Jp(q), (12)

which yields
∇2ϕ(q) ≈ ϕ′′(d) Jp(q)⊤

(
n(q)n(q)⊤

)
Jp(q). (13)

Since n(q)n(q)⊤ ⪯ I , we obtain the upper bound
∇2ϕ(q) ⪯ ϕ′′(d) Jp(q)⊤Jp(q). (14)

Motivated by this bound, we replace the exact directional
term with a stable positive semidefinite surrogate and absorb
the barrier curvature into a nonnegative distance-dependent
activation weight. Summing over mproxy proxy points leads
to the practical ambient barrier metric

G(q) = λI +

mproxy∑
j=1

wj(q) Jj(q)
⊤Jj(q), (15)

where λ > 0 is a regularizer, dj(q) is the signed distance
associated with the j-th proxy point, Jj(q) ∈ R3×n is the
corresponding point Jacobian, and wj(q) is a distance-based
activation weight.

Definition 1 (Barrier Activation Weight). For the j-th proxy
point with signed distance dj(q) to the nearest obstacle, define

wj(q) = αj ψ
(
d̄j(q)

)
1[dj(q) < δact], (16)

where
d̄j(q) = max

(
dj(q)− δsafe, 0

)
, (17)

αj > 0 is a category-dependent scaling factor, δsafe ≥ 0 is a
safety margin, δact > 0 is the activation radius, and

ψ(d) = min

(
1

d2 + ϵ2d
, ψmax

)
. (18)

Here, ϵd > 0 avoids singular behavior near contact, and ψmax

caps the metric contribution for numerical stability.

Remark 1 (Barrier-Kernel Interpretation). The kernel ψ(d) is a
regularized and saturated approximation of the dominant 1/d2

behavior of the barrier curvature. As d→∞, ψ(d)→ 0 and
the metric approaches λI , recovering near-isotropic exploration.
As d→ 0, ψ(d) saturates at ψmax, ensuring bounded metric
contribution near contact. Thus, the metric smoothly transitions
from near-isotropic exploration far from obstacles to anisotropic
penalization near active inequality boundaries.

To make this geometry compatible with equality constraints,
we restrict the ambient barrier metric to the tangent space of
the equality-constrained manifold M. Recall that

TqM = {v ∈ Rn | J(q)v = 0}. (19)
Given any ambient vector w ∈ Rn, its G-orthogonal projection
onto TqM is defined by

min
v∈Rn

1

2
(v − w)⊤G(q)(v − w) s.t. J(q)v = 0. (20)

The corresponding KKT conditions are
G(q)(v − w) + J(q)⊤ν = 0, J(q)v = 0, (21)

which yield
v = P (q)w, (22)

with
P (q) = I −G−1(q)J(q)⊤

(
J(q)G−1(q)J(q)⊤

)−1
J(q). (23)

The induced tangent-space metric is then defined as
M(q) = P (q)⊤G(q)P (q). (24)

This induced tangent-space metric is the metric used in all
subsequent planner operations.

Lemma 1 (Tangent-Space Identity of the G-Orthogonal
Projector). Let P (q) be defined as in (23) and suppose J(q)
has full row rank. Then, for any v ∈ TqM,

P (q)v = v. (25)

Proof. Expanding (23) gives

P (q)v = v −G−1(q)J(q)⊤
(
J(q)G−1(q)J(q)⊤

)−1
J(q)v.

(26)
Since v ∈ Null(J(q)), we have J(q)v = 0, and therefore
P (q)v = v.

Lemma 2 (Metric Equivalence on the Tangent Space). For any
tangent-projected displacement r̃ = P (q)(qrand − q) ∈ TqM,
the quadratic form induced by M(q) satisfies

r̃⊤M(q)r̃ = r̃⊤G(q)r̃. (27)

Proof. Since M(q) = P (q)⊤G(q)P (q) and r̃ ∈ TqM,
Lemma 1 implies P (q)r̃ = r̃. Therefore,

r̃⊤M(q)r̃ = r̃⊤P (q)⊤G(q)P (q)r̃ = r̃⊤G(q)r̃.

Remark 2 (Metric Evaluation after Projection). Lemma 2
shows that once a displacement has been projected into TqM,
metric-aware distance evaluation can be carried out using G(q),
without explicitly forming P (q)⊤G(q)P (q) for each candidate.

Proposition 1 (Adaptive Metric Distortion Bound). For any
feasible configuration q ∈ F with clearance

δmin = min
j
dj(q) > 0, (28)

the condition number of the induced tangent-space metric
restricted to TqM satisfies

κ
(
M(q)

∣∣
TqM

)
≤ 1 +

mproxy αmax ψ(δ̄min)CJ

λ
, (29)

where
CJ = max

j
∥Jj(q)⊤Jj(q)∥2, αmax = max

j
αj , (30)

and
δ̄min = max

(
δmin − δsafe, 0

)
. (31)

Proof. Let v ∈ TqM with ∥v∥ = 1. By Lemma 1, P (q)v = v,
and by Lemma 2, v⊤M(q)v = v⊤G(q)v. Using (15) and
Definition 1,

v⊤G(q)v = λ+

mproxy∑
j=1

wj(q) ∥Jj(q)v∥2. (32)

Since dj(q) ≥ δmin for all active proxy points and ψ is non-
increasing,

λ ≤ v⊤G(q)v ≤ λ+mproxy αmax ψ(δ̄min)CJ . (33)
The claimed bound follows immediately.

The construction above yields an induced tangent-space
metric M(q) that preserves admissible first-order motions while
encoding proximity to active inequality boundaries. In partic-
ular, Proposition 1 shows that the resulting metric distortion
remains controlled by obstacle clearance and regularization.
The next two subsections use this same metric for local steering
and nearest-neighbor selection.
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Fig. 3: Conceptual illustration of the metric-aware exploration mechanism in RMRRT. (a) Metric-induced tangent-space steering
under the induced tangent-space metric. (b) Metric-aware nearest-neighbor selection under local inequality-dependent anisotropy.

Algorithm 2 METRICSTEER(q, qtarget, η): metric-induced
tangent-space steering

Require: Feasible node q ∈ M, target sample qtarget, step
size η > 0

Ensure: New configuration qnew
1: w ← qtarget − q
2: (G,P,M)← BUILDMETRIC(q)
3: w̃ ← P w
4: if ∥w̃∥ < ϵ then
5: return q
6: end if
7: Solve M vtmp = w̃
8: v0 ← P vtmp

9: s←
√
v⊤0 M v0

10: if s < ϵ then
11: return q
12: end if
13: v̂ ← v0/s
14: qnew ← q + η v̂
15: return qnew

C. Metric-Induced Tangent-Space Steering

Given the induced tangent-space metric M(q), we define
a local steering rule that selects a tangent direction making
first-order progress toward the target while minimizing local
metric energy. As illustrated in Fig. 3a, the resulting direction
remains equality-consistent to first order while being biased
away from nearby active inequality boundaries.

For a tree node q ∈M and target sample qtarget, define the
ambient displacement

w = qtarget − q. (34)

Its tangent-space component is

w̃ = P (q)w ∈ TqM. (35)

Proposition 2 (Well-Posedness of Metric-Induced Steering).
Assume that J(q) has full row rank and that G(q) ≻ 0. Then
the projector P (q) is well-defined, the induced tangent-space
metric M(q) is positive definite on TqM, and for any nonzero

w̃ ∈ TqM, the optimization problem

v⋆ = arg min
v∈TqM

1

2
v⊤M(q)v s.t. v⊤w̃ = 1 (36)

admits a unique minimizer.

Proof. Since G(q) ≻ 0, the Schur complement
S(q) = J(q)G−1(q)J(q)⊤ (37)

is positive definite under the full-row-rank assumption on J(q),
so P (q) is well-defined. Moreover, for any nonzero v ∈ TqM,
Lemma 1 implies P (q)v = v, hence

v⊤M(q)v = v⊤G(q)v > 0.

Therefore M(q) is positive definite on TqM. The objective
in (36) is strictly convex on the tangent space, and the affine
constraint is nonempty whenever w̃ ̸= 0, so the minimizer is
unique.

Introducing a scalar Lagrange multiplier ν, define

L(v, ν) =
1

2
v⊤M(q)v + ν(1− v⊤w̃). (38)

The first-order optimality conditions yield

v⋆ =
M−1(q)w̃

w̃⊤M−1(q)w̃
. (39)

Equation (39) shows that the projected displacement is
reweighted by the inverse induced tangent-space metric, am-
plifying inexpensive directions while suppressing directions
toward nearby active boundaries.

For numerical robustness, we optionally reapply the tangent
projector and define

v0 = P (q)M−1(q)w̃. (40)
We then normalize this direction with respect to M(q) and
take a fixed-length step:

v̂ =
v0√

v⊤0 M(q)v0
, qnew = q + ηv̂, (41)

where η > 0 is the step size. The complete procedure is
summarized in Algorithm 2.

D. Metric-Aware Nearest-Neighbor Selection

We next use the same induced tangent-space metric M(q)
to define a geometry-consistent nearest-neighbor rule. Rather
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Algorithm 3 METRICNEAREST(qrand,V,K): metric-aware
nearest-neighbor selection

Require: Sample qrand, tree nodes V ⊂M, candidate size K
Ensure: Nearest node qnear

1: VK ← EUCLIDEANKNN(qrand,V,K)
2: qnear ← ∅, dmin ← +∞
3: for all q ∈ VK do
4: (G,P,M)← BUILDMETRIC(q)
5: r ← qrand − q
6: r̃ ← P r
7: d←

√
r̃⊤M r̃

8: if d < dmin then
9: dmin ← d, qnear ← q

10: end if
11: end for
12: return qnear

than ranking tree nodes solely by ambient Euclidean proximity,
the planner evaluates the local cost of the tangent-projected
displacement under M(q).

Given a sample qrand and a set of tree nodes V ⊂M, define

dM (q, qrand) =
∥∥P (q)(qrand − q)∥∥M(q)

. (42)

The nearest node is then selected as

qnear = argmin
q∈V

∥∥P (q)(qrand − q)∥∥M(q)
. (43)

Because the displacement is first projected onto TqM, the
comparison depends only on equality-consistent first-order
motions. Moreover, by Lemma 2, the quadratic form can
be evaluated using the ambient barrier metric G(q) once the
projection has been applied.

A full metric-aware search over all nodes would be unnec-
essarily expensive. We therefore use Euclidean preselection
followed by metric reranking. Let VK ⊂ V denote the set
of the K Euclidean-nearest candidates to qrand, and perform
reranking only over this subset:

qnear = arg min
q∈VK

∥∥P (q)(qrand − q)∥∥M(q)
. (44)

Remark 3 (Consistency of Euclidean Preselection). The two-
stage strategy in Algorithm 3 is consistent with metric-aware
selection when K is sufficiently large, because Proposition 1
implies norm equivalence between the Euclidean norm and the
induced tangent-space metric on the tangent space. Specifically,
for any feasible node q ∈ F with clearance δmin > 0 and any
tangent-projected displacement r̃ = P (q)(qrand − q),√

λ ∥r̃∥ ≤ ∥r̃∥M(q) ≤
√
Λ ∥r̃∥, (45)

where λ and Λ are the spectral bounds implied by Proposition 1.

Remark 4 (Asymmetry of the Metric-Aware Distance). The
distance dM (q, qrand) is evaluated using the local metric at
the tree node q, not at the sampled configuration qrand. This
is intentional: the metric at q encodes the local geometry of
the region from which expansion occurs, ensuring consistency
between nearest-neighbor selection and subsequent steering.

In our implementation, the candidate size is chosen adap-
tively as

K = min
(
Kmax, max(4, ⌊2 log2(|V|+ 1)⌋)

)
, (46)

Algorithm 4 Overall RMRRT Framework

Require: Feasible start/goal configurations qstart, qgoal ∈M,
step size η, candidate size K, maximum iterations Nmax

Ensure: Feasible path σ or FAILURE
1: Initialize two trees Ta ← {qstart}, Tb ← {qgoal}
2: for n = 1 to Nmax do
3: qrand ∼ UNIFORMSAMPLE(Rn)
4: qnear ← METRICNEAREST(qrand,V(Ta),K)
5: qnew ← METRICSTEER(qnear, qrand, η)
6: isStateV alid← STATEVALID(qnew)
7: isEdgeV alid← EDGEVALID(qnear, qnew)
8: if not isStateV alid or not isEdgeV alid then
9: continue

10: end if
11: Add qnew to Ta with parent qnear
12: qcurr ← METRICNEAREST(qnew,V(Tb),K)
13: repeat
14: qnext ← METRICSTEER(qcurr, qnew, η)
15: isStateV alid← STATEVALID(qnext)
16: isEdgeV alid← EDGEVALID(qcurr, qnext)
17: if not isStateV alid or not isEdgeV alid then
18: break
19: end if
20: Add qnext to Tb with parent qcurr
21: qcurr ← qnext
22: until ∥qcurr − qnew∥ < ϵconn
23: if ∥qcurr − qnew∥ < ϵconn then
24: σ ← EXTRACTPATH(Ta, qnew, Tb, qcurr)
25: return σ
26: end if
27: Swap (Ta, Tb)
28: end for
29: return FAILURE

which serves as a practical candidate-pool heuristic prior to
metric reranking. The complete nearest-neighbor procedure is
summarized in Algorithm 3.

E. Overall RMRRT Algorithm

Algorithm 4 summarizes the overall planner. At each
iteration, RMRRT samples a random configuration in the
ambient space, selects a node from the active tree using
the metric-aware nearest-neighbor rule, and performs a local
expansion using the tangent-space steering rule. If the resulting
state and edge are valid, the new node is inserted into the tree,
after which the opposite tree is extended toward it in a connect
phase.

When finite-step integration introduces noticeable equality
drift, a lightweight metric-aware correction step is applied to
return the configuration toward the equality-constrained mani-
fold. This correction serves only as a local numerical recovery
mechanism; admissible motion is already determined by the
tangent-space geometry used in nearest-neighbor selection and
steering.

Lemma 3 (Riemannian Newton Projection). Given a config-
uration q with equality violation ∥g(q)∥ > τ , the iterative
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update

qk+1 = qk −G−1(qk)J(qk)
⊤(J(qk)G−1(qk)J(qk)

⊤)−1
g(qk)

(47)
converges locally to the equality-constrained manifold M,
provided G(q) is continuous and J(q) has full row rank in a
neighborhood of M.

Proof. Each iteration solves

∆q∗ = argmin
∆q

1

2
∆q⊤G(qk)∆q s.t. g(qk)+J(qk)∆q = 0.

(48)
The corresponding KKT system yields

∆q∗ = −G−1(qk)J(qk)
⊤(J(qk)G−1(qk)J(qk)

⊤)−1
g(qk),

(49)
which recovers (47). The Schur complement remains positive
definite under the same conditions used above, so the step
is well-defined, and local convergence follows from standard
equality-constrained Newton arguments.

Remark 5 (Minimum-Norm Manifold Correction). The cor-
rection step is the minimum-G-norm update that removes the
first-order equality violation. Because G(q) already reflects
nearby inequality geometry, the correction remains consistent
with the same local metric used in steering and nearest-neighbor
selection.

Under standard regularity assumptions, the same geometric
ingredients remain compatible with the incremental path-
covering arguments used in probabilistic completeness analyses
for constrained sampling-based planners.

Proposition 3 (Compatibility with Standard Completeness
Arguments). Let F ⊂M be the feasible subset of the equality-
constrained manifold. Suppose there exists a feasible path

σ : [0, 1]→ F (50)

connecting qstart to qgoal, and that this path has clearance
δ > 0 from all inequality boundaries. Assume further that
the uniform sampling fraction satisfies ρu > 0, the equality
Jacobian J(q) has full row rank for all q ∈M, and the local
metric satisfies the bounded-distortion conditions stated in
Proposition 1 along σ([0, 1]). Then the metric-aware nearest-
neighbor selection, tangent-space steering, and correction steps
of RMRRT remain compatible with the standard path-covering
arguments used in probabilistic completeness analyses for
constrained sampling-based planning.

Proof. The argument proceeds in three steps.
Step 1 (Uniform metric bounds along the feasible path).

Because σ has positive clearance δ > 0, the barrier activation
weights remain uniformly bounded along σ([0, 1]). Together
with Proposition 1, this implies the existence of constants
0 < λ ≤ Λ <∞ such that, for every q ∈ σ([0, 1]) and every
v ∈ Rn,

λ∥v∥2 ≤ v⊤G(q)v ≤ Λ∥v∥2. (51)
Step 2 (Uniform norm equivalence on admissible motions).

For every tangent vector v ∈ TqM, Lemma 2 gives

v⊤M(q)v = v⊤G(q)v.

Hence

λ∥v∥2 ≤ v⊤M(q)v ≤ Λ∥v∥2, ∀q ∈ σ([0, 1]), ∀v ∈ TqM.
(52)

Step 3 (Existence of admissible local progress). Let v̂ ∈
TqM denote the unit-M(q)-norm steering direction returned by
Algorithm 2. By (52), its Euclidean norm is uniformly bounded
above and below, so the steering rule generates a nondegenerate
tangent displacement. Now cover the feasible path σ by a finite
sequence of overlapping balls of radius r = η/(2

√
Λ). Because

each ball has positive measure and the uniform sampling
fraction satisfies ρu > 0, these neighborhoods are sampled
infinitely often with probability one. Whenever a tree node lies
in one ball and a subsequent sample falls in the next overlapping
ball, the local norm-equivalence bounds imply that the metric-
aware steering rule admits progress of controlled size toward the
next neighborhood. Under the additional local-neighborhood
coverage assumption that the Euclidean preselection stage
retains access to a node in the relevant neighborhood, the
subsequent metric-aware reranking and steering preserve this
local progress property. Feasibility is enforced separately
through state validity, edge validity, and the correction step.
Since the feasible path has positive clearance, sufficiently
small steps remain inside the admissible region and can be
returned to M with bounded correction. Therefore, under the
stated regularity, clearance, and local-neighborhood coverage
assumptions, the metric-aware components of RMRRT remain
compatible with the standard path-covering mechanism used in
probabilistic completeness arguments for constrained sampling-
based planning.

Remark 6 (Barrier Metric as Geometric Bias). The barrier
metric is introduced to bias exploration geometrically, not to
suppress it. Equality constraints define the admissible tangent
structure, while inequality information reshapes the local
geometry on that space through the induced tangent-space
metric. The correction step is used only to remove finite-step
drift from the manifold, whereas hard feasibility is enforced
separately through state and edge validity checks.

F. Computational Complexity and Practical Overhead

We now examine the additional computational overhead
introduced by the metric-aware operations. The dominant added
cost arises from constructing the ambient barrier metric and
reranking a small set of Euclidean-preselected candidates during
nearest-neighbor search.

Proposition 4 (Per-Expansion Complexity). One metric-aware
expansion of RMRRT, including local metric construction,
tangent projection, and nearest-neighbor reranking over K
Euclidean-preselected candidates, has computational complex-
ity

O
(
K (n2meq + n2mproxy)

)
, (53)

where n is the configuration dimension, meq is the number
of equality constraints, mproxy is the number of proxy points,
and K is the candidate size used in Algorithm 3.

Proof. We focus on the additional metric-aware cost beyond
standard validity checking. For each candidate node, forming
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(a) (b)

(c) (d)

Fig. 4: Representative examples demonstrating the applicability
of RMRRT to multiple robotic platforms. (a) single arm
manipulator, (b) multi arm manipulators, (c) single humanoid,
(d) dual humanoids.

the ambient barrier metric in (15) requires accumulating mproxy

rank-3 outer products, with cost O(n2mproxy). Constructing
the tangent projector requires solving for G−1(q)J(q)⊤ and
forming the associated Schur complement, whose dominant
cost is O(n2meq) when meq ≪ n. Since Algorithm 3 reranks
K candidates, the total added cost is

O
(
K (n2meq + n2mproxy)

)
.

Thus, when meq ≪ n, the metric-aware overhead is dominated
by local metric construction and scales linearly with the number
of proxy points.

Remark 7 (Low-Rank Structure and Efficient Inversion). The
ambient barrier metric

G(q) = λI +

mproxy∑
j=1

wj(q) Jj(q)
⊤Jj(q)

has a low-rank-plus-diagonal structure. Let
J̄ =

[√
w1J1; . . . ;

√
wmproxyJmproxy

]
∈ R3mproxy×n.

Then Woodbury’s identity gives

G−1 =
1

λ

(
I − J̄⊤(λI3mproxy

+ J̄ J̄⊤)−1J̄
)
, (54)

which reduces the cost of applying G−1 when mproxy ≪ n.

Remark 8 (Practical Overhead Relative to Validity Checking).
In constrained sampling-based planning, collision and validity
checking often dominate runtime. The metric-aware compu-
tations reuse the same signed distances and point Jacobians
already computed or cached for validity evaluation, so their
marginal overhead is largely algebraic. Moreover, because
the barrier metric biases expansions away from nearby invalid
regions, it can partially offset its own cost by reducing rejection-
driven validity-check cycles in cluttered environments.

IV. EXPERIMENTS

This section evaluates RMRRT under coupled equality and
inequality constraints to assess its reliability, efficiency, and

TABLE I: Problem scale of the benchmark scenarios.

Scenario Robot n meq mproxy Obs.

Scenario 1 Single arm 7 2 6 4
Scenario 2 Dual arm 14 6 11 5
Scenario 3 Dual arm 14 8 11 5
Scenario 4 Triple arm 21 12 16 7
Scenario 5 Humanoid H1-2 14 6 57 4

practical applicability. As shown in Fig. 4 and summarized
in Table I, the proposed method is validated across multiple
robotic platforms, including single-arm and multi-arm manipu-
lators as well as single and dual humanoid systems. Simulation
benchmarks are reported on representative constrained ma-
nipulation scenarios of increasing geometric and kinematic
complexity. The experiments examine planning success rate,
runtime, and computational overhead in broad benchmarks, iso-
late the contribution of the proposed metric-aware components
through ablation, and further validate real-world performance
in physical deployment. Additional videos are available on the
project page: https://rmrrt-anonymous.github.io.

A. Simulation Benchmarks

For the simulation benchmarks, we constructed constrained
manipulation scenarios spanning single-arm to triple-arm sys-
tems. All simulations were conducted on the same computing
platform, equipped with an Intel Core i7-13700F processor
(2.1 GHz), 32 GB of RAM, and an NVIDIA GeForce RTX 4060
GPU. For each scenario, 100 independent trials were performed
using the same start state qstart and goal state qgoal, and a
trial was counted as successful only if a valid solution was
found within 300 s. All methods were evaluated under the same
experimental conditions, while each planner was configured
individually according to its own internal parameterization.
Whenever possible, the parameters were tuned fairly based
on quantities with analogous functional roles across methods,
including expansion length, local extension granularity, and
manifold-feasibility tolerance.

The baselines considered in this benchmark were restricted
to methods that either operate natively on implicitly defined
equality-constrained manifolds or provide a directly comparable
constrained planning formulation. As discussed in Section I,
purely metric-based approaches typically define local geometry
in the ambient configuration space and do not directly provide
equality-consistent motion generation on an implicitly defined
equality-constrained manifold. Including such methods in the
present benchmark would require additional design choices
beyond their original formulation, which would make a direct
apples-to-apples comparison less clear. For this reason, we
focus on planners whose treatment of equality constraints
is directly compatible with the problem class considered
here. This choice is also aligned with the central motivation
of the present work: RMRRT aims to unify the inequality-
aware local geometry of metric-based approaches with the
equality consistency of manifold-based planning within a single
geometric object.

Table I summarizes the scale of each benchmark scenario
in terms of configuration-space dimension, equality-constraint
dimension, number of proxy points, and obstacle complexity,

https://rmrrt-anonymous.github.io
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(a)

(b)

(c)

(d)

Fig. 5: Planned trajectories in four representative manipulation scenarios. The dotted curve indicates the end-effector (or object)
trajectory, and snapshots depict key configurations along each path. (a) Single-arm cabinet reaching with fixed orientation
constraint. (b) Dual-arm constrained transfer. (c) Dual-arm transfer with fixed orientation constraint. (d) Triple-arm constrained
manipulation.

while Fig. 5 visualizes the representative tasks and planned
trajectories. Table II reports planning performance across four
simulation scenarios of increasing geometric and kinematic
complexity. Across all scenarios, RMRRT achieves a 100%
success rate while maintaining consistently low planning time
and low inter-trial variance.

Manifold-based planners such as CBiRRT [21], Atlas-
RRT [13], and Tangent Bundle RRT [13], [14] operate
on the equality-constrained manifold by constructing local
tangent spaces and correcting drift via projection. However, in
these methods, tangent-space expansion is generated without
explicitly reflecting nearby active inequality boundaries. As
a result, many candidate motions may later be rejected by
collision or validity checks, which can lead to repeated steering-
rejection cycles in cluttered environments. This limitation can
become more pronounced during nearest-neighbor selection.
Because the nearest node is typically selected according to
Euclidean distance in the ambient space, local connectability
on the constraint manifold is not fully reflected, which can

make the selected node less aligned with the locally admissible
direction of progress.

By contrast, RMRRT uses the same induced tangent-space
metric consistently in both nearest-neighbor selection and
steering. This coupling prioritizes nodes that admit effective
equality-consistent motion toward the target while suppressing
locally unproductive motions at an earlier stage, thereby
reducing rejection-driven exploration and improving both
planning efficiency and path quality. This contrast is most
pronounced in Scenario 4. In this setting, a 21-DoF triple-
arm system must pass through a narrow region under 12
equality constraints. As shown in Table II, the manifold-based
baselines exhibit substantially larger runtime variance and, in
some cases, reduced success rates. These results are consistent
with the interpretation that narrow admissible regions and dense
active inequality boundaries increase the frequency of locally
unproductive extension attempts. In contrast, RMRRT maintains
a 100% success rate together with low runtime and low inter-
trial variance in the same scenario. The per-iteration runtime
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TABLE II: Planning performance across four experimental scenarios.

Planner
Scenario 1 Scenario 2

Time (s) Succ. (%) Path Len. Time (s) Succ. (%) Path Len.

CBiRRT [21] 0.36± 0.54 100 8.54± 3.68 2.97± 4.48 100 9.07± 2.75
Atlas RRT [13] 1.04± 2.65 100 7.45± 3.08 3.87± 6.34 100 9.87± 3.22
Tangent Bundle RRT [14] 0.87± 3.34 100 9.12± 3.05 3.03± 4.32 100 9.61± 3.83
Precomputed Graph RRT [32] 0.42± 0.69 100 8.89± 3.79 2.72± 3.67 100 9.06± 2.62
LJCMP [6] 1.17± 3.30 100 12.45± 4.71 0.28± 0.65 100 11.97± 4.45
RMRRT (ours) 0.09± 0.14 100 8.05± 3.33 0.23± 0.31 100 10.92± 4.86

Planner
Scenario 3 Scenario 4

Time (s) Succ. (%) Path Len. Time (s) Succ. (%) Path Len.

CBiRRT [21] 4.58± 9.20 100 9.53± 2.78 74.75± 118.59 90 10.67± 2.49
Atlas RRT [13] 5.71± 9.27 100 9.56± 3.23 42.11± 105.49 92 10.54± 3.64
Tangent Bundle RRT [14] 4.94± 10.11 100 9.80± 7.35 15.80± 57.35 87 11.01± 3.89
Precomputed Graph RRT [32] 2.07± 3.29 100 9.51± 2.80 13.34± 35.11 100 11.41± 35.11
LJCMP [6] 0.48± 1.56 100 12.31± 3.34 0.55± 1.69 100 16.44± 5.65
RMRRT (ours) 0.25± 0.26 100 12.63± 8.17 0.31± 0.39 100 11.09± 3.42

implications of this behavior are analyzed in the following
subsection together with Table III.

We also compare against Precomputed Graph RRT [32]
and LJCMP [6]. Precomputed Graph RRT exhibits relatively
stable performance in simpler settings, but in Scenario 4 both
its mean planning time and variance increase substantially.
This suggests that a fixed offline roadmap structure may not
fully capture local geometric variation in higher-dimensional
constrained spaces. In contrast, LJCMP performs expansion on
a learned latent embedding and achieves low average planning
time across all scenarios; however, as shown in Table II, its path
lengths are generally longer. One possible explanation is that
the learned embedding is optimized primarily for feasibility-
related structure rather than for preserving Euclidean distance
in the original configuration space. Consequently, trajectories
that are natural in the latent space may appear as detoured
motions after decoding back to the configuration space.

RMRRT shares with LJCMP the fact that it does not
explicitly minimize Euclidean path cost. However, there is
an important structural distinction between the two approaches.
The induced tangent-space metric of RMRRT is explicitly
norm-equivalent to the Euclidean norm, and its distortion
is quantitatively bounded by clearance and regularization.
In other words, although the metric is locally reshaped
according to nearby inequality geometry, its deviation from
Euclidean distance remains mathematically controlled. This
is not generally a property that can be directly assumed
for a learned latent embedding. The path-length results in
Table II are consistent with this distinction. In particular,
RMRRT achieves substantially lower average planning time
across all scenarios, while maintaining path lengths that remain
competitive with the baselines. These results indicate that
the proposed metric improves exploration efficiency without
causing severe path-length degradation. These improvements
are obtained without relying on learning or precomputed
roadmaps, thereby providing a purely geometric and portable
alternative for constrained motion planning.

TABLE III: Per-iteration runtime breakdown (ms) in Scenario
4.

Component RMRRT CBiRRT LJCMP

Metric build 0.31 N/A N/A
Nearest-neighbor 0.01 0.04 1.65
Steering 17.56 999.35 1.48
Collision / validity 0.95 4.83 1.72

Total per iteration 18.83 1016.66 4.86

B. Computational Overhead

To complement the theoretical complexity discussion in Sec-
tion III, we report an empirical runtime breakdown of the main
per-iteration components in Table III. Specifically, we separate
the costs of metric construction, nearest-neighbor evaluation,
steering, and collision/validity checking. This breakdown is
particularly informative in higher-dimensional scenarios such
as Scenario 4, where the ambient configuration dimension
reaches n = 21. The purpose of this analysis is to clarify the
practical overhead introduced by the proposed metric-aware
components beyond standard validity checking. In particular, it
quantifies whether the additional cost of constructing and using
the ambient barrier metric remains manageable relative to the
overall planning process, and whether improved exploration
efficiency can offset part of this overhead in constrained
environments.

As shown in Table III, the additional cost of metric construc-
tion in RMRRT remains modest on a per-iteration basis. The
metric-build step requires only 0.31ms per iteration, accounting
for a small fraction of the total runtime. Nearest-neighbor
evaluation also incurs only a minor overhead due to Euclidean
preselection followed by metric reranking over a limited
candidate set. The dominant per-iteration cost in RMRRT
arises from steering, which includes metric-aware tangent
projection and local extension under the induced tangent-space
metric. Nevertheless, the total per-iteration runtime of RMRRT
remains far smaller than that of CBiRRT and remains practically
manageable in the benchmark setting considered here.

Compared with CBiRRT, the largest difference appears
in the steering component. While both methods operate on
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(a)

(b)

Fig. 6: Ablation study on the narrow-passage constrained transfer task in Scenario 5 using a Unitree H1-2 humanoid. (a) No
barrier variant. (b) Full RMRRT. The no-barrier variant exhibits a longer detour around the restrictive region, whereas Full
RMRRT generates a more direct trajectory through the passage.

TABLE IV: Ablation study on the contribution of the metric-aware components (Scenario 5).

Outcome Exploration Quality Cost Breakdown (ms/iter)

Method Time (s) Path Len. (m) Valid Ext. Ratio Path Len. Std Check Steer Near

No barrier 21.26± 7.34 35.39± 9.84 0.333 9.84 12349 1193 5.4

Steering-only barrier 17.46± 7.42 28.13± 7.38 0.349 7.38 8174 1442 3.4

Nearest-only barrier 18.75± 8.97 25.66± 6.36 0.329 6.36 10987 1167 5.1

Full RMRRT 19.54± 11.08 25.21± 2.82 0.349 2.82 9243 1541 7.3

equality-constrained manifolds, CBiRRT exhibits a substantially
higher steering cost, reflecting the heavier computational burden
associated with repeated projection-based local expansion.
By contrast, RMRRT performs steering through the induced
tangent-space metric and reduces the total per-iteration runtime
from 1016.66ms to 18.83ms. Relative to LJCMP, RMRRT
introduces additional geometric computation, particularly in
metric construction and steering, resulting in a higher per-
iteration cost (18.83ms versus 4.86ms). However, this ad-
ditional computation does not translate into slower overall
planning.

To better interpret this discrepancy, we also measured the
number of planning iterations required to obtain a valid
solution. Although LJCMP is cheaper per iteration, it requires
substantially more iterations on average before finding a
solution, whereas RMRRT converges in far fewer iterations.
In our measurements, LJCMP required approximately 113
planning iterations on average, while RMRRT required only
about 17. This suggests that the metric-aware expansion
mechanism of RMRRT makes more effective progress per
iteration, so that the added geometric cost is offset by a
substantial reduction in the number of expansion cycles needed
to reach a feasible solution. A similar contrast is observed with
CBiRRT, whose very large per-iteration steering cost leads to
both high iteration cost and large overall runtime.

Overall, these results support the practical viability of the
proposed metric-aware design. Although RMRRT introduces

additional geometric computation beyond standard constrained
RRT expansion, the marginal overhead remains controlled and
is accompanied by substantially improved search efficiency. In
cluttered environments, this overhead can be offset by requiring
fewer expansion attempts to reach a valid solution, yielding a
favorable trade-off between richer local geometry and overall
planning efficiency.

C. Ablation Study

To isolate the contribution of the proposed metric-aware
components, we conduct an ablation study on the narrow-
passage constrained transfer task in Scenario 5 using a Unitree
H1-2 single-humanoid dual-arm system. In this setting, densely
arranged obstacles induce strong inequality constraints that
sharply restrict locally admissible directions and passable
regions on the equality-constrained manifold. Scenario 5 is
therefore particularly suitable for examining how each metric-
aware component affects exploration under restrictive local
geometry.

We compare four variants:
• Full RMRRT: metric-aware nearest-neighbor selection and

metric-induced steering.
• Steering-only barrier: barrier-informed metric used only

in steering, with Euclidean nearest-neighbor selection.
• Nearest-only barrier: barrier-informed metric used only

in nearest-neighbor selection, with standard tangent-space
steering.
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Fig. 7: Real-world validation of RMRRT on a triple-arm constrained manipulation task. The robots cooperatively manipulate a
table under simultaneous equality and inequality constraints, including grasp-maintenance and collision-avoidance requirements.

• No barrier: neither nearest-neighbor selection nor steering
uses the barrier-informed metric.

All other components, including the sampling strategy,
validity checking, termination conditions, and major hyper-
parameters, are kept identical across the four variants. Table IV
reports not only outcome metrics such as planning time and path
length, but also exploration-quality metrics and per-iteration
cost breakdowns. This decomposition allows us to distinguish
whether the observed gains arise primarily from steering, from
nearest-neighbor selection, or from their consistent coupling
under a shared induced tangent-space metric.

As illustrated in Fig. 6, the barrier-informed metric does not
alter equality feasibility itself. Rather, it changes the quality
of local exploration under strong inequality-induced geometric
constraints. In the narrow-passage setting, removing the barrier
metric increases locally unproductive expansions, lengthens the
resulting paths, and reduces extension efficiency. By contrast,
Full RMRRT combines metric-aware nearest-neighbor selection
and metric-induced steering under the same induced tangent-
space metric, yielding more direct and more consistent traversal
through the restrictive passage.

The results reveal a clear division of roles between the
two metric-aware components. Applying the barrier-informed
metric only in steering primarily improves local extension
quality. In particular, the Steering-only barrier variant attains
the highest valid extension ratio among the four variants and
substantially reduces per-iteration validity-check-related cost
relative to the No barrier baseline. This indicates that metric-
induced steering suppresses locally unproductive motions
toward nearby inequality boundaries before they propagate
into repeated rejection cycles. This behavior is also consistent
with the interpretation in Remark 8: the additional geometric
computation introduced in steering can be partially offset by a
reduction in rejection-driven validity-check overhead.

By contrast, applying the metric only in nearest-neighbor
selection contributes more strongly to parent-node quality and
path formation. The Nearest-only barrier variant significantly
reduces the average path length relative to the No barrier base-
line, suggesting that metric-aware parent selection favors nodes
with better local connectability under the induced geometry.
However, its valid extension ratio remains comparable to that
of the baseline. This indicates that improved parent selection
alone is insufficient to improve local extension quality when
the extension rule itself remains inequality-unaware. In other
words, even if the planner starts from a better parent node, the
resulting extension can still proceed in a locally unproductive
direction if steering does not reflect the same geometry.

Full RMRRT combines both components under a shared

TABLE V: Quantitative real-world results.

Metric Scenario 4

# Trials 100
Planning Time (s) 0.53± 0.12
Execution Success (%) 100

induced tangent-space metric. Among the four variants, it
achieves the shortest average path length and, more importantly,
the smallest path-length standard deviation. This reduction in
inter-trial variability is especially important because it indicates
that the proposed geometry improves not only mean trajectory
quality but also the consistency of the generated trajectories
across runs. That is, Full RMRRT does not merely produce
shorter paths on average; it produces them more reliably. This
provides direct experimental support for the central claim of
the paper: planner-wide geometric consistency emerges when
the same local geometry is used consistently in both nearest-
neighbor selection and steering.

Taken together, these results show that the two metric-aware
components play complementary but distinct roles. Metric-
induced steering directly improves local extension quality,
whereas metric-aware nearest-neighbor selection improves
parent-node quality and path formation. Each component
provides a meaningful benefit, but neither alone fully realizes
the geometric intent of the proposed framework. Only when
both are used consistently under the same induced tangent-
space metric do parent selection and local expansion become
aligned under a common geometric criterion, leading to the
shortest and most consistent path quality in Scenario 5. These
findings experimentally support the main thesis of this work:
consistently applying the same local geometry in nearest-
neighbor selection and steering improves exploration quality
in constrained sampling-based planning.

D. Real-World Quantitative Evaluation

To assess practical applicability beyond simulation, we also
report quantitative results from real-world execution on Sce-
nario 4, which involves the highest-dimensional configuration
space and the largest number of equality constraints among
the benchmark scenarios. These experiments evaluate planning
latency and execution reliability on hardware using the same
equality- and inequality-constrained task family illustrated in
Fig. 7. Table V summarizes the number of hardware trials,
planning time, and execution success rate for Scenario 4.

In the real-world experiments, RMRRT was evaluated over
100 hardware trials on the triple-arm constrained manipulation
task. The planner achieved an average planning time of
0.53 ± 0.12 s and an execution success rate of 100%. These
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results indicate that the proposed planning framework remains
reliable under real sensing, actuation, and model mismatch,
while retaining planning latency at a practically usable level.
Additional qualitative demonstrations and videos are available
on the project page.

V. CONCLUSION

In this paper, we proposed RMRRT, a sampling-based
motion planning framework for equality-constrained manifolds
with inequality-aware local exploration. By constructing an
ambient barrier metric and the induced tangent-space metric,
RMRRT incorporates inequality-induced geometry directly
into both steering and nearest-node selection, guiding tree
expansion away from nearby infeasible regions without relying
solely on collision-based sample rejection. The proposed
framework was validated through a wide range of manipu-
lation scenarios including multi-arm and humanoid systems,
with detailed benchmark comparisons and ablation studies
demonstrating improved planning efficiency and reliability over
representative constrained planning baselines. Additional real-
world experiments and demonstration videos are available on
https://rmrrt-anonymous.github.io.

Future work will explore the integration of the proposed
geometric construction with learning-based motion planning
approaches. In particular, the induced tangent-space metric
may serve as a complementary local planning component when
combined with learned sampling strategies, heuristics, or latent-
space exploration.
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