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Abstract. Motion planning for rigid-body assembly poses a fundamen-
tal challenge in robotics due to tight geometric constraints. In such sce-
narios, feasible motions often require passing through (near-)zero clear-
ance configurations in which the parts are tightly constrained by con-
tact. In this work, we introduce Critical-Manifold Guided RRT (CMG-
RRT), a sampling-based planner designed specifically for tight assembly
problems. Our key observation is that in tight assemblies, valid solu-
tion paths lie on or near a critical manifold: the subset of configuration
space consisting of poses with at least one contact point between parts.
CMG-RRT guides exploration by adaptively biasing sampling toward
neighborhoods of the critical manifold using a hierarchical subdivision
of the configuration space. We prove that CMG-RRT is probabilistically
complete under standard clearance assumptions. Empirical evaluation
on challenging rotational assembly benchmarks demonstrates a 100%
success rate across all tested instances, including, to the best of our
knowledge, the first fully automatic solution of the Elk disentanglement
puzzle. Our open source software is available through our project page:
https://www.cgl.cs.tau.ac.il/projects/tight-assembly-planning
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Fig. 1: Snapshots of the Elk disentanglement puzzle, previously unsolved (to the best
of our knowledge), showing a complete solution generated by our algorithm. From left to
right: the start configuration, traversal through four narrow C-space tunnels interleaved
with wide free-space regions, and the goal configuration.

1 Introduction

Sampling-based motion planning is a fundamental paradigm in robotics, used in
applications such as autonomous navigation, manipulation, assembly, and numer-
ous others [38]. Methods such as Probabilistic Roadmaps (PRM) and Rapidly-
Exploring Random Trees (RRT) have become standard due to their scalability
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to high-dimensional configuration spaces and their probabilistic completeness
guarantees [28/37139/64]. When feasible motions have sufficient clearance from
obstacles, uniform random sampling in configuration space enables these planners
to efficiently discover collision-free paths.

A longstanding difficulty arises in tight motion-planning problems, where any
valid solution must pass through regions of extremely small measure in configu-
ration space, commonly referred to as narrow passages or tunnels [22129150]. Such
situations are common in robotic assembly, particularly for rigid parts that re-
quire tightly coupled translation and rotation. In these settings, uniform sampling
becomes highly inefficient: the overwhelming majority of samples lie in regions
irrelevant to the solution, while the critical regions that enable progress are sam-
pled with vanishing probability. This failure mode is a canonical limitation of
sampling-based planners and is often illustrated through “bug-trap” examples [38].

To address narrow passages, a variety of nonuniform sampling strategies have
been proposed, including bridge tests, obstacle-based sampling, spatial subdivi-
sions,and Gaussian or medial-axis inspired heuristics [21J60/65169]. While these
methods can improve performance on certain instances, they typically rely on
geometric heuristics that are unreliable in high-dimensional spaces and offer no
general guarantees for complex, contact-rich motions. The Soft Subdivision Search
(SSS) framework for motion planning [67J687T] has guarantees, but applying it to
sufficiently complex assemblies or robots seems (as of now) a prohibitively hard task.

Many tight assemblies may require sliding or rolling along obstacle bound-
aries, rather than maintaining clearance throughout the motion. This observation
has motivated work on compliant and contact-aware motion planning [I5JATI5T],
as well as physics- and simulation-based planners that can exploit contact and
near-contact interactions to solve tight disentanglement tasks [61]. Feature-driven
tunnel discovery methods similarly leverage local geometric structure to guide
search toward narrow passages without assuming continuous contact [70].

While these approaches can be effective for problems dominated by tight in-
teractions or exhibiting specific structural cues, they are less suited to mixed
settings in which wide free-space motion is interleaved with short but critical tight
transitions whose locations are not known in advance.

Recent work has explored learning-based and data-driven techniques to guide
sampling toward narrow passages or critical connectivity regions [40/42] Another
influential line of work studies motion planning on constraint manifolds. Projection-
based planners such as CBiRRT [5] and atlas-based methods, including AtlasRRT
and its variants [24162], explore lower-dimensional manifolds defined implicitly by
kinematic or task constraints. Comprehensive surveys [30J31] have formalized this
perspective and shown its effectiveness for problems with fixed, known constraints
such as closed kinematic chains. In contrast, contact constraints in assembly plan-
ning are neither fixed nor known a priori: the set of active contacts changes along the
motion, and the corresponding manifolds appear and disappear as the robot moves.

In prior work, we introduced TouchRoll-RRT (TR-RRT) [45], a sampling-based
planner designed for mixed wide-tight settings. TR-RRT combines standard RRT
exploration in free space with a contact-aware extension procedure guided by a



signed distance function (SDF). When the search reaches the vicinity of obstacles,
TR-RRT maintains multiple contact points and advances by projecting steering
directions onto the tangent space of a local contact critical manifold, followed by
a retraction step. This reduces the effective degrees of freedom from six to five,
four, and at times even three or two, and enables traversal of narrow passages that
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Fig. 2: Dataset provided by Tian et al. [61]. Excerpts from the more challenging Rotational
benchmarks: Puzzles in the first row and Others in the second row.

However, TR-RRT retains a fundamental mismatch between sampling and
exploration. While its extension step explicitly follows the critical manifold, its
sampling step remains uniform in the six-dimensional space SE(3). As a result, only
samples that happen to induce extensions near the manifold benefit from the contact-
aware machinery. Many samples are generated in regions that do not contribute
to progress towards the goal causing the tree to repeatedly grow into misleading
dead ends—an effect similar to bug-trap behavior [38]. This sampling bias limits
performance and prevents TR-RRT from solving particularly challenging instances.

In this work, we present Critical-Manifold Guided RRT (CMG-RRT), which
resolves this limitation by explicitly biasing sampling toward the critical manifolds.
We consider the configuration space C =SE(3), the six-dimensional manifold of rigid
body transformations in R3. We maintain an adaptive subdivision of the configura-
tion space into axis-aligned boxes and discard boxes that are provably far from the
contact manifold, using an SDF-based distance oracle. Sampling is restricted to the
remaining boxes, whose union is contained in an increasingly small D-neighborhood
of the critical manifold as the box diagonal D decreases. In addition, we occasionally
apply random rotations to the entire system, an idea already in use for other pur-
poses in the field, such as efficiently finding pairs of nearest neighbors [2I32]. In this
work it helps avoiding gimbal locks [19I38], as well as enables the completeness proof.

Search and refinement are interleaved adaptively, so that easy problems incur
little overhead, while harder problems trigger additional refinement that sharpens
the sampling distribution.

As we prove below, this novel manifold-guided sampling scheme allows CMG-RRT
to be probabilistically complete; that is, under standard assumptions of positive
clearance, the probability that CMG-RRT finds a solution approaches one as the
number of iterations grows. Moreover, CMG-RRT accelerates planning on problems
already solvable by TR-RRT and, crucially, solves significantly harder instances.
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