End-to-End Stable Imitation Learning via Autonomous Neural Dynamic Policies
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State-of-the-art Policy Structures Multi-Task Learning with Image Inputs
L , L 1. We collect one demonstration for each of the following movements: a) a sinusoidal motion, b) a
Neural Network Policies: Dynamical System Policies: linear motion. and ¢) a curvilinear motion.
v/ are flexible v provide stability guarantees 2. We use the non controllable part of the state to "define” which task we want the robot to perform.
v/ are generic v/ behave well in out-of-distribution regions 3. In order to create the labels, we simulate a sign with the image corresponding to every motion.
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We make the assumption that the state of the system can be split into two parts: (a) a part that can t=os °  ime (o ° ° * me (9 ° ° * ime °
be directly controlled (e.g., positions and velocities of the end-effector), and (b) a part that can only be Demonstration Evaluation Target |
observed and/or indirectly controlled (e.g., obstacles/objects). In particular (we omit the time notation,
t, for clarity): Figure 2. Multi-task scenario with image inputs. All tasks are learned with a single model that can distinguish between
. tasks given an image input.
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ANDPs are reactive to state changes!

where x. is the part of the state that can be directly controlled and x,,. is the part of the state that can
only be observed. d. and d,,. are the state-space dimensions for the controllable and non-controllable Non Controllable par E o ctiveness of ANDPs on changes in the Non Controllable part of the state
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We define the control policy as a dynamical system with a fixed attractor &7 (formulated as a weighted 060 0.4 0.6
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Figure 3. Reactiveness of ANDPs on changes in the non-controllable part of the state, we switch from the line image to
the sine image at t=1s.
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The control policy, W(m) (Fig. 1), defines the desired velocity profile that the controllable state x. should Figure 4. Reactiveness of ANDPs on external force perturbations we apply an external force twice, one att = 0s and
follow. Depending on the state representation one can directly use the output for commanding the b=0s.
robot, use a PD controller, or use some inverse dynamics/kinematics model. Physical Robot Experiment
Stablllty Guarantees Collecting Pouring Task Demonstrations with Kinesthetic Guidance

Assume that the controllable part of a state trajectory follows the policy as defined in Eg. 2. Then,
the function described by Eq. 2 is asymptotically stable to . if

{Ai + AL =0 the symmetric part of A is psd )

w;(x) > 0, i=1,..NVxeRE

The proof follows classical Lyapunov analysis.
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Figure 6. From left to right, screenshots of a successful trial of the pouring task in the physical setting.

Evaluation of the learned policy on a pouring task with different initial configurations
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Figure /. Percentage of objects that ended up inside the bowl on the 10 replications of the pouring task.

*Corresponding authors: dtotsila@upnet.gr costashatz@upatras.gr



