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In each video, the left sub-panel shows a
demonstration of a different driving
“style”, and the right sub-panel shows
the behavior learned from watching the
demonstration.
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From initial pilot demonstrations, our model/simula®rwill be
accurate for the part of the state spa {isited by the pilot.

Our model/simulator will correctly predict the helicopter’s
behavior under the pilot’s controllgr.

Consequently, there is at least one controller (napi¢lihat looks
capable of flying the helicopter well in our simulati

Thus, each time we solve for the optimal controller using the
current model/simulatd?_, we will find a controller that

successfully flies the helicopter accordind’tg

If, on the actual helicopter, this controller fails to fly the helicepte
--despite the modd?, predicting that it should---then it must be
visiting parts of the state space that are inaccurately modeled.

Hence, we get useful training data to improve the model. This car
happen only a small number of times.
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