
NeuronaleNetze(SS2002),8.7.

Fully recurrent neural networks (contd.)
� Alter native training:

A training problemfor a Hopfieldnetwork canbe equivalently formulated
asperceptrontrainingproblem:

Hopfieldpattern
���� andweights���	� , biasesason-neurons
 perceptronwith weights� �	� , for ���� , nobias,andpattern� �� ����� ����� ����� � � ,� � � ������� �"! where � ����� � � � � # , � ����� � �$� � � � � if � � � and �&%� � ,� ����� � �$� � � � � if �'�(� and �)%�(� ,

� �*��� � �	� �(+ otherwise.

– this yieldsasolutionif existing,

– this demonstratesthein-principlerestrictionof Hopfieldnetworkswi-
thouthiddenneurons.

� Hopfield networks for minimization:

Idea: write an arbitrarypolynomialof degreetwo asenergy function, the
Hopfieldnetwork will thenfind (local)minima.

– Minimize , �.-/�10 �	� � � � �32 , �54 � � ��276 with
� �98;: + � �=< becomes

minimize > , �@?/� > 0 �$� � � � �=2 , � � 4 �A2 0 �B� � � � whichis theenergy func-
tion of aHopfieldnetwork with weights���	�C� > 0 �$� andbiases4 � 2 0 �D� .

– TheTSPcanbesolvedfinding globaloptimain thepolynomial

,FE5GIH�KJ H ,(LKMON LKM � L � � M �KP H 2 ,QLKMON LKM � L E � M H (minimal tour length)

2SR ,(L � , � � L � >F�T�VU (eachcity preciselyonce)2XW , � � ,YL � L � >F�T� U (onecity ateachtimestep)
where

� �	� is � if f city � is the � th city of the tour, R and W are large
values.

HenceHopfield networks could solve TSP if they always relaxed to
globaloptima.

– Variousdifferentproblemscanbewritten in asimilar form.

– Polynomialsof arbitrarydegreewould be possiblewith hiddenneu-
rons.



� The Boltzman machine:

This is a stochasticversionof a Hopfieldnetwork with two benefits:local
minimacanbetterbeavoided,trainingwith hiddenneuronsis possible

– Dynamics:if �[Z is chosen,it becomes� with probability \]� 2 eG net̂B_[`Ia GIH
whereb c&+ is thetemperature.

– b 
 + : Hopfieldnetworkb 
 d : randomupdates
fixed b : the probability of a state

�e canbe computedas(Boltzmann
distribution)

f1g � �eTh �i� e>kjl� �eTh �nm=b
, op e>kjq� �e �nm=b �

henceminimaof theenergy functionhaveahigherprobability.

– Possibilityof simulatedannealingin orderto avoid local optima:start
with large b and decreasethe temperature- thereexist appropriate
schedules,borrowedfrom physics.

– Training (with hiddenneurons)startsat the assumptionf glr f P for
somedesireddistribution f P , e.g.uniform distribution of the training
patterns.

Minimize thecross-entropy:

jq� f g � f P �s� > , op f P � �e �3t=u@v �xwzy opA{�]|�y opz{ with gradientdescentfinally yields
(time consuming)Boltzmanntraining:} init weightsat random} iteratively update� �$�O2 �(~T� Hebb > Anti-Hebb � where} Hebb is the correlationof e � and e � for desiredpatterns,thereby

hiddenneuronsarerelaxedclampingthevisible units,} Anti-Hebb is the alreadyexisting correlationof e � and e � for the
network,whichis estimatedvia relaxationof thenetwork (freerun-
ning).



Unsupervised/self-organizing networks:

� TheseareFNNswith only two layersanda winner-takes-alloutput;given
theoutputneurons

�� H , . . . ,
��X� , input

�� , theneuron
�� � with smallest� �� > �� � �

or largest � �� � �A� �� , respectively, declaresitself asthewinner.

Often: alternative notation via the neurons/prototypes/codebookvectors
andtheir respective receptivefields.

� Vector quantization:

init
�� � at random

iteratively choosedatapoint
�� ,

computethewinner
�� �B� ,

adapt
�� �B� 2 �(~T� �� > �� �B� �

This is astochasticgradientdescenton theerrorsurface

��S� � � �� � > �� � � U"� ��� �� � �
where � � � �� � � 8Y: + � �=< is the characteristicfunctionof the receptive field
of

�� � .
Thisupdateis verysensitivew.r.t initialisation.


