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Background 

Abstract 
Autonomous learning is the ability to learn 
effectively without external assistance, a 
desirable characteristic in both engineering and 
computational-modeling. We extend a 
constructive neural-learning algorithm, sibling-
descendant cascade-correlation (SDCC), to 
monitor lack of progress in learning in order to 
autonomously abandon unproductive learning. 
The extended algorithm simulates results of 
experiments with infants who abandon learning 
on difficult tasks. It also avoids network 
overtraining effects in a more realistic manner 
than conventional use of validation test sets.  
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Discussion 
 Extension of SDCC to abandon 

unproductive learning covers early 
quitting of impossible tasks and the 
Goldilocks effect in infants.  

 Learning is prolonged with decreasing 
threshold and increasing patience. 

 Increasing threshold is a more realistic 
way to suppress overfitting than using 
validation test sets.  

Future work 
 Further exploration of the effects of 

threshold and patience parameters. 
 Extension to other tasks including 

learnable tasks that vary in difficulty. 
 Prediction and coverage of quitting 

phenomena in current and future 
psychology experiments.  

Results 

Relatively shallow learning 
and early quitting on an 
impossible task 

Learning continues longer 
with increasing learnability up 
to a point. 20 networks per 
condition. 

Coverage of the 
Goldilocks effect 
in 20 networks 

Rising test error at 
threshold of 0.1 
indicates overfitting 

Overfitting is avoided 
with higher threshold 
of 0.3 


