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Abstract Continuous XOR _ Discussion

Autonomous learning is the ability to learn 1 " EO\Ilj'rlagi Offfthi
effectively without external assistance, a 7 inOZOIr:)eCth/oerkseC
desirable characteristic in both engineering and

computational-modeling. We extend a 5
constructive neural-learning algorithm, sibling-

»  Extension of SDCC to abandon
unproductive learning covers early
quitting of impossible tasks and the
Goldilocks effect in infants.
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experiments with infants who abandon learning
on difficult tasks. It also avoids network 02
overtraining effects in a more realistic manner
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