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Motion planning
Optimal motion planning

• Last time: we saw that SBMP algorithms 
typically do not plan with the full-fidelity of 
the system constraints

• Kinodynamic constraints, state and control constraints, etc.


• How can we plan for state and control 
trajectories that satisfy full system 
constraints?
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Hierarchical planning approach

• Key idea: decompose optimization problem 
into hierarchical approach


• Regard the combinatorial decisions in the 
problem  as the complicating variables


• First: solve global planning consisting of combinatorial decisions


• Second: solve local planning problem to compute continuous 
states and actions


• Finally: use (unconstrained) feedback control to track trajectory

δ0:N



• The Global Planner typically reasons about the combinatorial decision-making 
aspect of the trajectory generation problem


• Succinctly, the motion planner determines the modes δk

Hierarchical planning approach
Global Planner



Hierarchical planning approach
Global Planner

• Different approaches to solving 
the Global Planner problem:

• Mixed-integer programming


• Sampling-based planning


• Derivative-free trajopt


• Reinforcement learning



Hierarchical planning approach
Global Planner

• The OMPL library provides many implementations of sampling-based motion 
planning algorithms

https://ompl.kavrakilab.org/



Hierarchical planning approach
Global Planner

• The MoveIt library provides a robotics interface to use OMPL with off-the-
shelf collision checking and other utilities

https://moveit.picknik.ai/main/index.html



• The Local Planner solves for a dynamically feasible state and control trajectory 
using the Global Planner trajectory as the reference

Hierarchical planning approach
Local Planner

(x*, u*)



Hierarchical planning approach
Local Planner

• Different approaches to solving 
the Local Planner problem:

• Convex/non-convex trajectory optimization


• Sampling-based MPC


• Reinforcement learning



• In the past decade, many embeddable convex solvers developed for solving 
convex problems for Local Planner applications

Hierarchical planning approach
Local Planner



Case study
Amazon robotics



Case study
Amazon robotics

• For mobile robots, sensory information 
updates with latency


• The Global Planner finds a path between 
the initial state to goal state


• The Local Planner generates a smooth 
trajectory along this GP path


• The controller corrects for small 
deviations away from the LP trajectory

https://www.amazon.science/blog/the-science-behind-astros-
graceful-responsive-motion



Case study
Amazon robotics

https://www.amazon.science/blog/the-science-behind-astros-
graceful-responsive-motion

• Hierarchical planner with different 
layers of planning resolution, horizon, 
and fidelity


• Note that the GP and LP are not 
solved at the same frequency
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Case study
Mars rover planning

• Mars rovers travel ~4cm/s


• Global planner evaluates arcs and chooses 
best collision free ones


• Path is tracked using a feedback controller

O. Toupet, T. Del Sesto, et al., “A ROS-based Simulator for Testing the Enhanced 
Autonomous Navigation of the Mars 2020 Rover,” in IEEE Aerospace Conference, 2020.

https://www.youtube.com/watch?v=8USTGyUhnJk
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Case study
Lunar rover planning

• The proposed CADRE Lunar rover mission 
uses a three-stage planning approach


• The first layer uses SBMP to plan multi-agent 
paths for three Lunar rovers


• The Global and Local Planners for each agent 
use on-board trajectory optimization to plan 
at the single-agent level


• A low-level PD controller tracks wheel velocity 
commands to follow Local Planner trajectory

A. Cauligi*, K. Albee*, et al., “CRESCENT: Collision-Free Highly-Constrained Trajectory 
Optimization for Driving on the Moon,” under review, 2025.

S. Nayak, G. Lim, F. Rossi, M. Otte, and J.-P. de la Croix, “Multi-Robot Exploration for the 
CADRE Mission,” Autonomous Robots, 2025.



Case study
Lunar rover planning

Twist 
Commands

Global Planner

min
x

f (x; θ)

s.t.:  g(x; θ) ≤ 0

State Estimation

Mapping

Plan Query

State Estimation

Mapping

Local Planner

min
x

f (x; θ)

s.t.:  g(x; θ) ≤ 0

A. Cauligi*, K. Albee*, et al., “CRESCENT: Collision-Free Highly-Constrained Trajectory 
Optimization for Driving on the Moon,” under review, 2025.
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Key differences between the planners


• Treatment of unknown vs. known space


• Planning horizon


• Awareness of science constraints
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Hierarchical planning approach
Downsides

• Decomposing the original problem into two sequential ones might yield 
infeasible solutions where a feasible one exists for the original one


• Ensuring safety constraint satisfaction between the hand-off of both is 
challenging due to model mismatch between the planning layers



Hierarchical planning approach
Research directions

https://bair.berkeley.edu/blog/2017/12/05/fastrack/



Hierarchical planning approach
Research directions



Receding horizon planning

• Most problems are not static


• As the system evolves over time, new information about the environment 
reveals itself or disturbances cause the system to deviate


• This leads to receding horizon planning



Receding horizon planning
Model predictive control

• Model predictive control solves an optimal control problem with a receding 
horizon


1. Solve optimal control problem  to compute 


2. Apply the first control value 


3. Propagate the system forward and update parameters 

𝒫(θ) {u*0 , u*1 , …, u*N}

u*0

θ



Receding horizon planning
Model predictive control
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Receding horizon planning
Model predictive control



Receding horizon planning
Model predictive control

Underlying idea: solve a sequence of short horizon optimal control problems



Receding horizon planning
Model predictive control

• Myopic planning

• If N is too short, then can lead to instability



Receding horizon planning
Model predictive control

• Myopic planning

• If N is too short, then can lead to instability


• Maintaining feasibility


• If  is too restrictive, then infeasibility becomes an 
issue

𝒳goal



Receding horizon planning
Practical considerations

• Persistent feasibility: it is important to ensure that the optimal control problem 
solved between iterations remains feasible


• Stability: the control input applied by solving successive optimal control 
problems should drive the system to the desired equilibrium point



Receding horizon planning
Practical considerations



Receding horizon planning
Control policy

• So far, we’ve studied the problem of open-loop trajectory optimization: how to 
compute a state-action trajectory to guide a system from  to 


• Control policy: a (possibly stochastic) mapping  that takes the 
current state  and computes a control  to guide the system to 


• PD: 


• MPC: 

xinit xgoal

μ : ℝnx → ℝnu

xk uk xgoal

uPD = kp(xref − xk) + kd( ·xref − ·xk)

uMPC = arg min
u0

𝒫(xk)



• F. Borrelli, A. Bemporad, and M. Morari, “Predictive control for linear and hybrid systems,” Cambridge 
University Press, 2017.


• J. B. Rawlings, D. Q. Mayne, and M. Diehl, “Model Predictive Control: Theory, Computation, and 
Design,” 2017.
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