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Comparison in 
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Con
lusionResultsA novel neural ar
hite
ture has been proposed whi
h improves
onsiderably diversity, 
apa
ity and e�
ien
y,Biologi
al plausibility has also been in
reased: binary 
onne
tions,
liques over 
lusters, few iterations. . .Further detailsSee V. Gripon and C. Berrou, "Sparse neural networks with largelearning diversity", to appear in IEEE Trans. on Neural Networks.Available online at http://arxiv.org/abs/1102.4240 .OpeningsThis new kind of re
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Thank you for your attention!
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