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Fully recurrent neural networks

� Definition:

Fully recurrent network :
���������
	� � 	� � 	 ��������� where

���������
is a cyclic

graph,oftenfully connected.

Hopfieldnetwork : Fully connectedwith
��� � � �

,
�� � �

, andthe
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for all ! ��" .
� Generalaim: networksasassociativememory, i.e.givenanexteriorsignal,

thenetwork relaxesto anassociatedmemorystate.Properties:

– thepatternitself is thekey,

– memoryis noisetolerant,

– memoryfills up ‘smoothly’

� Dynamics:

Asynchronousdynamics:#%$'& � �( )�*�,+ � �( )�*�,- �
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I.e.only oneneuron!�: is allowedto changethestate.

Alter natives:

synchronousdynamicsjust likepartially recurrentnetworks(problem:net-
work might convergeto cyclesof lengthtwo insteadof astablestate)

continuousdynamics,modelledwith differentialequations,canbeseenas
the‘right’ mathematicalpoint of view which appropriatelygeneralizesthe
discretedynamics

� A state
	+

of theneuronsis stable if f
+ � �>�?� #%$'& � � for all neurons! .
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� Theorem: Theenergy functiondoesnot increaseduringcomputation.The
Hopfieldnetwork alwaysreachesa stablestate.Stablestatesarelocal mi-
nimaof theenergy function(with maximumnumberof / .)

� Thesamedoesnot hold for asymmetricweights,connectionsto theneuron
itself, synchronousupdate.

� Hebb-learning:

Biasesason-neurons,pattern
	-IHKJ LM5 / � /ONQP shouldbe learnedasstable

pattern.

Oneshotlearningrule: � �G� � /� R H - H � - H �
� Hebblearningyieldsto stablepatternsif thepatternsareorthogonal.

In additionto thelearnedpatterns,superpositionsandspuriousstatesmight
bestablestates(with usuallyhigherenergy).

� For randompatterns,thenumberof stablepatternsis of theorder
�TSVUW+YXZ�

.

For sparsepatterns,wehave
�\[3] F SVUW+YXZ�

.


