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Papers to cover

• "A Survey on the Integration of Machine Learning with 

Sampling-based  Motion Planning" by McMahon et al., 2022

• "Roadmaps with Gaps over Controllers: Achieving Efficiency in 

Planning under Dynamics" by Sivaramakrishnan et al., 2024

• "Learning Heuristic Functions for Mobile Robot Path Planning 

Using Deep Neural Networks" by Takahashi et al., 2019

•"Learning Local Heuristics for Search-Based Navigation 

Planning" by Veerapaneni et al., 2025
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What?

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• (Describes) a number of ways to speed up sampling-based 

motion planning (e.g., RRT, PRM, RRT*) via incorporating 

Machine Learning
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Why?

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• The run-time can be overly high for complex motion queries 

(e.g., spaces with narrow passageways, full-body motion 

planning, planning for systems with complex dynamics 

constraints)

• The solution quality can often be poor, even after post-processing
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Related Work

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• N/A here since it is a survey paper
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Assumptions

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Reliance on the model used for planning



Carnegie Mellon University 7

How?

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Learning to speed up sample generation

• Learning to speed up collision detection

• Learning to speed up distance/cost computation

• Learning to speed up/improve quality of local planning

• Learning the “right” planner parameters/selection

• Learning a lower-dimensional planning representation
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Learning to speed up sample generation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve quality and efficiency of sampling

- Modeling the C-space

- Biasing samples along likely shortest paths
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Learning to speed up sample generation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve quality and efficiency of sampling

- Modeling the C-space
- Learn probability distributions that model Cfree and Cobs. The estimator 

approximates P(sample ϵ Cfree). Filters out samples unlikely to be valid. 

[Arslan and Tsiotras, 2015]

- Learn models of local manifolds of valid configuration spaces. Use these 

local models for generating samples and local planning. [Kingston et al., 

2019]

- …
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Learning to speed up sample generation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve quality and efficiency of sampling

- biasing samples along likely shortest paths
- Neural RRT* [Wang et al., 2020]: 

- Generates large dataset of optimal paths using A*. 

- Trains NN to output a probability density where for each cell, its 

probability mass represents the likelihood of containing a point 

along an optimal path. 

- The predicted probability distribution is used to generate samples to 

be used by an RRT* planner. 

- To provide guarantees, a proportion of samples are generated using 

uniform sampling.
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Learning to speed up sample generation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve quality and efficiency of sampling

- Limitations/Concerns?
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Learning to speed up sample generation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve quality and efficiency of sampling

- Limitations/Concerns?
- Relies heavily on the dataset and the representational power of the model

- Conditioned on potentially lots of factors including the poses of all the 

objects

- A uniform sampler may produce lower quality samples but is likely to be 

much faster
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Learning to speed up collision checking

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Speed up collision checking

- Using a learned model in place of a collision detector

- Determining the order in which to collision check nodes/edges
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Learning to speed up collision checking

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Speed up collision checking

- Using a learned model in place of a collision detector
- ClearanceNet-RRT [Kew et al., 2020]: 

- Uses NN (ClearanceNet) to predict distances to the nearest obstacle 

(obstacle clearance) conditioned on the poses of the robot and the 

obstacles in the environment

- Constructs RRT tree with deferred “true” collision checking. 

- Once a path is found, performs “true” collision checking and fixes 

errors by performing gradient descent repair to move the path away 

from obstacles.
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Learning to speed up collision checking

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Speed up collision checking

- Determining the order in which to collision check nodes/edges
- Search Though Oracle Learning and Laziness (STROLL) [Bhardwaj et 

al., 2019): 

- Formulates the problem of edge selection for full collision checking 

as MDP

- Performs Q-learning to learn an NN-based policy
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Learning to speed up collision checking

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Speed up collision checking

- Limitations/concerns?
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Learning to speed up collision checking

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Speed up collision checking

- Limitations/concerns
- Assuming collision checking is much more expensive than inference, 

usually is a good idea

- Needs to be done carefully to preserve theoretical guarantees on 

probabilistic completeness
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Learning to speed up cost computation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the overall efficiency using learned cost proxies
- Uses learned costs in the context of informed sampling-based motion 

planners [Gammell and Strub, 2021]

- Uses learned costs as approximate cost-to-go values (aka heuristics) to 

prune “irrelevant” nodes/space exploration
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Learning to speed up cost computation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the overall efficiency using learned cost proxies

- Limitations/concerns?
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Learning to speed up cost computation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the overall efficiency using learned cost proxies

- Limitations/concerns?
- Might be hard to get a training dataset for high-D problems

- Have to be careful to guarantee solution quality guarantees
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Learning local planners

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the speed and quality of local planners when 

planning with dynamic constraints
- PRM-RL [Faust et al., 2018]: 

- Uses reinforcement learning to obtain a policy for point-to-point 

navigation with dynamics constraints. 

- During the construction of PRM, for each edge connection, it uses the 

learned policy to obtain paths between candidate neighbors. Neighbors 

are connected if the learned policy can consistently find a path between 

them. 
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Learning local planners

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the speed and quality of local planners when 

planning with dynamic constraints
- RL-RRT [Chiang et al., 2019]: 

- Uses an offline learned obstacle avoidance policy to perform local 

planning between two states during tree expansion, along with a learned 

reachability estimator to bias tree growth.  
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Learning local planners

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the speed and quality of local planners when 

planning with dynamic constraints
- Learning-based kinodynamic RRT* [Zheng and Tsiotras, 2021]: 

- Trains offline a controller to steer the system from one point to another 

based on a dataset of computed optimal trajectories

- Also, learns cost-to-go metrics

- Integrates both learned cost-to-go metrics (effectively, heuristics and 

edge cost estimates) and learned controllers within RRT*
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Learning local planners

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the speed and quality of local planners when 

planning with dynamic constraints

- Limitations/concerns?
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Learning local planners

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the speed and quality of local planners when 

planning with dynamic constraints

- Limitations/concerns?
- Requires a potentially large dataset to get good performance on complex 

tasks

- Need to be careful to maintain theoretical guarantees on asymptotic 

completeness and (in case of RRT*) optimality
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Learning planner parameters/selection

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the chances that we apply the “right” planner or 

configure it best
- Planner Ensemble [Choudhury et al., 2015]: 

- Based on offline generated data that captures planner performance, 

learns a mapping from a given scenario to probability of solving it for a 

given planner (including both sampling-based planners and trajectory 

optimization methods) 

- Online, selects the ensemble of planners that has the maximum 

likelihood of finding a feasible solution.
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Learning planner parameters/selection

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the chances that we apply the “right” planner or 

configure it best
- “When to stop planning problem” [Sungetal.,2021]:

- Learns the relationship between solution quality and planning time

- Online uses to determine when to stop improving the solution

- Data generated by running an anytime planner on training problems for a 

long enough time to obtain an optimal solution with a high probability
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Learning planner parameters/selection

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the chances that we apply the “right” planner or 

configure it best

- Limitations/concerns?
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Learning planner parameters/selection

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Improve the chances that we apply the “right” planner or 

configure it best

- Limitations/concerns?
- The learned distribution needs to be conditioned on features extracted 

from the environment. 

- These features have to be either hand-crafted or learned. If learned, then 

it is likely to be a hard learning problem.
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Learning low-D planning representation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Reduce the search space, and thereby speed up planning
- Learned Latent RRT (L2RRT) [Ichter and Pavone, 2019]: 

- Learns a latent space via an autoencoder

- Constructs a tree directly in the latent space by propagating randomly 

sampled controls in it using a learned latent dynamics model 

- Uses learned collision checking to check for collisions in the latent 

space. 

- The collision checking network outputs the probability of a latent state 

being in collision or not, and L2RRT makes use of a pre-defined 

confidence threshold to decide whether to trust the learned collision 

checker or not
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Learning low-D planning representation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Reduce the search space, and thereby speed up planning

- Limitations/concerns?
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Learning low-D planning representation

"A Survey on the Integration of Machine Learning with Sampling-based  Motion Planning" by McMahon et al., 

Foundations and Trends® in Robotics, Volume 9, Issue 4, 2022

• Goal: Reduce the search space, and thereby speed up planning

- Limitations/concerns?
- The required size of the dataset 

- Generalization capabilities

- Theoretical guarantees on completeness/path quality
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Papers to cover

• "A Survey on the Integration of Machine Learning with 

Sampling-based  Motion Planning" by McMahon et al., 2022

• "Roadmaps with Gaps over Controllers: Achieving Efficiency in 

Planning under Dynamics" by Sivaramakrishnan et al., 2024

• "Learning Heuristic Functions for Mobile Robot Path 

Planning Using Deep Neural Networks" by Takahashi et al., 

2019

•"Learning Local Heuristics for Search-Based Navigation 

Planning" by Veerapaneni et al., 2025
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What?

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 

• Learning a heuristic function for A* search in the context of 

planning for <x,y,theta> navigation



Carnegie Mellon University 35

Why?

• Search-based planning for <x,y,theta> problem in large complex 

spaces can be time-consuming, especially when going for a 

close-to-optimal solution. 

• The efficiency of search-based planning is heavily dependent on 

how informative heuristics are.

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 
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Related Work

• Most related according to the paper:
- Imitation learning with NN learn a heuristic policy [Bhardwaj, Choudhury, 

and Scherer, 2017]. 

- “Tested on simple domains but relatively high dimensional states with the 

fixed start and goal. Once start positions, goal positions, and environments 

are randomized, local features may not be able to guide the planner to a 

goal efficiently, as discussed in (Dhiman et al. 2018). On the contrary, we 

learn a heuristic function defined over the entire environment given the 

goal configuration and the map to avoid the misguiding problem.”  

• Proposed work helps generalize to multiple environments

• Also, can handle environments where a path does not exist

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 
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Assumptions

• Reliance on the model used for planning

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 
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How?

• Overall architecture

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 
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How?

• Input into NN:
- an occupancy map (2D matrix) and a goal tensor G which is two 2-D 

matrices:

• Output from NN:
- tensor of W×H×O where W and H is the number of columns and rows in the 

occupancy map, respectively, and O is the number of orientations

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 
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How?

• Loss function during training:
- Simplest form:

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 
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How?

• Loss function during training:
- Simplest form:

- A bit more complex form that “favors” admissibility: 

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 
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How?

• Loss function during training:
- Better “informed” heuristic doesn’t imply less search efforts

- “Gradient” in heuristics is often more valuable (and is always more valuable 

in the context of sub-optimal search)

- Composite loss function that combines “informativeness” and “gradient”:

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 

MAE Loss “difference in policy actions” loss
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How?

• Training:
- Generate random environments, with random start and goal

- Run backward Dijkstra’s from goal to get perfect heuristics

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 
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How?

• Results:

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 

*scaled euclidean: inflatied heuristics with inflation factor=1.5
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Limitations?

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 
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Limitations?

• Guarantees on solution quality

• Support for higher-D?

• Philosophically: doesn’t seem to be scalable w.r.t. size/complexity 

of the environment

Takahashi, T., Sun, H., Tian, D., & Wang, Y. “Learning Heuristic Functions for Mobile Robot Path Planning Using Deep 

Neural Networks,” Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2019 
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Papers to cover

• "A Survey on the Integration of Machine Learning with 

Sampling-based  Motion Planning" by McMahon et al., 2022

• "Roadmaps with Gaps over Controllers: Achieving Efficiency in 

Planning under Dynamics" by Sivaramakrishnan et al., 2024

• "Learning Heuristic Functions for Mobile Robot Path Planning 

Using Deep Neural Networks" by Takahashi et al., 2019

•"Learning Local Heuristics for Search-Based Navigation 

Planning" by Veerapaneni et al., 2025
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What?

• Learn local heuristics (heuristics within a small window centered 

around the state in question): “cost of escaping local region”

R. Veerapaneni, M. S. Saleem, and M. Likhachev, “Learning local heuristics for search-based navigation planning,” 

Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2023 
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Why?

• To avoid the combinatorial sample complexity of learning

R. Veerapaneni, M. S. Saleem, and M. Likhachev, “Learning local heuristics for search-based navigation planning,” 

Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2023 
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How?

• Computing global heuristics using a local region

R. Veerapaneni, M. S. Saleem, and M. Likhachev, “Learning local heuristics for search-based navigation planning,” 

Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2023 
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How?

• Local heuristics that needs to be learned:

• Global heuristics for s becomes:

R. Veerapaneni, M. S. Saleem, and M. Likhachev, “Learning local heuristics for search-based navigation planning,” 

Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2023 
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Results

• NN input:

R. Veerapaneni, M. S. Saleem, and M. Likhachev, “Learning local heuristics for search-based navigation planning,” 

Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2023 
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Limitations

• Guarantees on solution quality

• Pretty specific to navigation problem

R. Veerapaneni, M. S. Saleem, and M. Likhachev, “Learning local heuristics for search-based navigation planning,” 

Proceedings of the International Conference on Automated Planning and Scheduling (ICAPS), 2023 
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