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Learning-Based Sampling Strategies Leveraging Bidirectional
Motion Planning Characteristics
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Suhyun Jeon!, Minsoo Kim', Junwon Jang?, Minsu Chang?, Jacheung Park’

Abstract: This study proposes a stepwise sampling strategy for manipulator motion planning that
enhances learned sampling distributions for bidirectional sampling based algorithms, such as
RRT-Connect. Existing approaches using learned distributions often fail to account for the nature of
bidirectional search, such as adapting sampling to the order of bi-directional tree growth or
effectively sampling unexplored regions between the start and goal trees. These limitations hinder
their efficiency in finding a shorter path. The proposed algorithm introduces two key sampling
strategies: swing sampling, which alternates sample extraction between the trees during their
respective growth phases, and bounded sampling, which focuses on generating samples between the
trees to expedite the discovery of a complete path. Additionally, Gaussian noise is applied to the
learned samples to mitigate inaccuracies in the learned distributions, ensuring robustness for the
planner. The experiment was conducted in a simulation involving the task of moving a cup on a
4-tier shelf. The proposed algorithm improves over existing neural sampling methods by achieving a
43.69% faster planning time, a 4.64% shorter path and a 2% higher success rate.
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[Fig. 1] Differences in sampling methods based on sampling
distribution selection ratios, yellow means uniform sampling, green
means bias sampling, bias ratio (Left: 0, Middle: 0.5, Right: 1)
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[Fig. 2] Neural network model for learning sampling distribution,
(Left) training model, (Right) inference model
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Goal Tree

Sampling Region Near Start Tree Sampling Region Near Goal Tree

Start Tree Goal Tree

Sampling Region

[Fig. 3] A step-based sampling strategy, Swing (Top) and Bounded
(Bottom) steps, where the step variable discretizes the path
between the start (0) and goal (1) points. Grey objects are
obstacles. Swing sampling: Reflects the alternating node
generation characteristic of the BiRRT algorithm by sampling step
within [0, 0.5] for the Start Tree (orange area) and sampling step
within [0.5, 1] for the Goal Tree (blue area). Bounded Sampling:
Utilizes the distance between trees and sample within a calculated
lower and upper bound (green area), with approximated bounds
determined by specific formulas during the BiRRT process
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[Fig. 4] Data generation scenario with a 7-DOF manipulator
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randomly placed cuboid obstacles in RViz
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[Table 1] Level 1 motion planning results of various sampling
strategies with an identical obstacle and start/goal poses from
trained data

Method | Path length | Planning time (sec) | Success rate (%)
Us 7.218 0.134 0.87
LS 6.839 0.060 0.96
LSG 6.588 0.050 0.98
LSG-S 6.992 0.057 0.94
LSG-B 6.557 0.056 0.95
LSG-BS 6.399 0.040 0.97

[Table 2] Level 2 motion planning results of various sampling
strategies with an identical obstacle and non-identical start/goal
poses from trained data

Method | Path length | Planning time (sec) | Success rate (%)
Us 7.568 0.130 0.88
LS 6.849 0.080 0.94
LSG 6.914 0.070 0.95
LSG-S 6.955 0.045 0.94
LSG-B 6.564 0.093 0.95
LSG-BS 6.590 0.053 0.97

[Table 3] Level 3 motion planning results of various sampling
strategies with non-identical obstacles and start/goal poses from
trained data

Method | Path length | Planning time (sec) | Success rate (%)
Us 7.775 0.142 0.89
LS 7.201 0.119 0.92
LSG 7.226 0.100 0.91
LSG-S 7.187 0.109 0.93
LSG-B 6.891 0.079 0.94
LSG-BS 6.867 0.067 0.94
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