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overings,The number of sub-networks be
omes 
 ′α+1,On the other hand, density is more 
omplex to estimate,It is still an open question to �nd the best 
ompromise.Vin
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Another approa
h: a fra
tal sparsitywinner-take-all between 
lusters
Performan
e and remarksPerforman
e is the same as before in 
omparable states,Performan
e is similar in 
ase of partial erasures,Messages are 
oding their own physi
al lo
ation.Vin
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Correlated entriesProblemThe learning pro
ess produ
es arti�
ial 
orrelation but su�ers from that ofmessages.CorrelationsThere are two types of 
orrelation:Intrinsi
: brain and train are learnt → ambiguity on ∗rain.Caused by the model:If the network learns jam, jet and 
at, it also learns jat. . .Idea: adding hidden signatures to learnt messages:For instan
e: �jama�, �jetb� and �
at
�.ExampleLearning the Fren
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Plausibility, appli
ationsBiologi
al plausibilityPositive neurons, binary 
onne
tions ⇒ strong resilien
e ( 6= Hop�eld),Low global density, strong lo
al intera
tions (small world philosophy),Biologi
ally plausible operations: sum and winner-take-all,Partition into 
lusters,Neuron spe
ialization. . .Appli
ationsAsso
iative memories,Classi�
ation (go no-go),Sort,Asso
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es of information: independent messages share thesame material.Vin
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Results and openingsWhat is already doneSparse 
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hines,Immediate appli
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Openings
Openings Biologi
alaspe
ts SpikingneuronsSyn
hro-nizationissuesCognitiveaspe
ts OntologiesPertinen
eAttentive-nessMeta-
liques

Computingaspe
tsProgram-minglanguagelibrariesDedi
atedhardwareNewtheoryof 
om-plexity

Vin
ent Gripon, Claude Berrou (TB) Neural 
oding Jan. 31, 2011 33 / 34



End of the le
tureThank you for listening, I am at your disposal if you have any question.
+ +++ ++
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