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Needs to reason in trajectory space

Needs to consider momentum and forces

Needs Kinematics + Dynamics

Deep robot learning methods 
only reason at each timestep

Only operate in raw action 
space (torque, joint angles, etc)
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Can we build policies that reason 
directly in trajectory space? 
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GravityFluids Heat

Can we use the same formulation be used to describe the 
motion of a robot? 

Many natural phenomena are dynamical systems which 

are described by differential equations, i.e.
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Popular in classical robotics: Dynamic Movement Primitives (DMPs) [Schaal, 2002]

Second order dynamical system

[Kormushev et. al, 2010][Muelling et. al, 2013]

Table Tennis Pancake Flipping

[Steinmetz, 2014]

Letter Writing 
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DMP-based Methods Deep RL

Handle dynamic task well 

Difficulty with dynamic tasks 

Can reason in trajectory space 

Are sensitive to parameter tuning 
and require dense supervision 

Can learn from weak 
supervision (i.e. rewards) 

Do not scale to high dimensional 
inputs

Can handle high-dimensional 
input (i.e. images) 

Reason at each timestep 

How can we bridge the gap between 
these two paradigms?
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Deep NN Policyst
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Dynamical System 
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Neural Dynamic Policy
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2nd Order Differential Equation in y 
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fθΦ
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fθΦ

Neural Dynamic Policy

(g, wi )

st

Weight of RBF
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NDPs Intuition
Starting joint position

Goal position

NDP Policy
Vanilla Policy

NDPs show a much smoother 
convergence to the goal
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RL Algorithm
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Results
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Imitation Learning
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NDPs from Images 



[pahic et al., 2018]
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Digit Writing
Image of desired digit

[pahic et al., 2018]

Output: end-effector positions

NDP  has smoother and more 
accurate reconstruction



NDPs are modeled after dynamical systems in nature

Reason at a trajectory level + physically plausible paths

Keep advantages of deep learning (adaptability, learning from visual 
inputs, etc)

Can easily be integrated in end-to-end setups

Strong performance in Reinforcement Learning and Imitation Learning, 
especially dynamic tasks

75

Summary 
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Thanks for Watching! 

For paper and code: 

shikharbahl.github.io/neural-dynamic-policy

https://shikharbahl.github.io/neural-dynamic-policy/

