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[32] Örjan Ekeberg, Anders Lansner, and Sten Grillner. The neural control of fish swimming studied
through numerical simulations.Adaptive Behavior, 3(4):363–384, 1995.

[33] Martin Eldracher, Alexander Staller, and René Pompl. Adaptive encoding strongly improves func-
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The Road goes ever on and on
Out from the door where it began.
Now far ahead the Road has gone,
Let others follow it who can!
Let them a journey new begin,
But I at last with weary feet
Will turn towards the lighted inn,
My evening-rest and sleep to meet.

—J.R.R. Tolkien
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