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– time seriespredictionfor weather, dynamicsystems,financialdata

– filtering, noisereduction,tracking,optimalcontrol

– robotics,gait generation,planing

– vision,groupingandbinding,tracking

– speechrecognition/processing/production,simulationof automata

– possbileinterfaceto symbolicmechanismsvia recursivenetworks� Training:

– giveninputsequenz� � � � � andoutputsequence2 � � � � , minimizethequa-
draticerror 3 �5476 4
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e.g.with agradientdescent.

Unfolding in time transfersa recurrentnetwork to a feedforwardnet-
work with sharedweights.Gradientcomputationscanbedonesimilar
to backpropagation.

Only difference:sharedweights,i.e. thederivativeof
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with respectto

a weight � � + decomposesinto the sumof the derivativeswith respect



to theweightatall timesteps� � + � � �>=?� copy of � � + in the � th recursive
step.

– backpropagation
�

backpropagationthr ough time
time @5ACB , space@ � B
Theentiresequencehasto beavailablefor training!

– Direct (only feedforward) gradientcomputation
�

real time recur-
rent learning
time @5A ; B , space@5A
Canbedonein anonlinefashion!

– Generalproblem:weightsharingprohibitsto applythenicetricksfrom
FNNs.Theproblemof long termdependenciesis still unsolved!� Training pipeline: justasfor FNNs. . .

– preprocessing

– architectureselection

– minimizationof trainingerror, possiblypruning,earlystopping,weight
decay, . . .

– interpretationof theresult,computingthetesterror� Approximation ability

RNNscanapproxiamteevery continuousfunctionon compactsetsarbitra-
rily well.� Complexity of training

. . . not easierthanFNN training, in addition: prolemof long termdepen-
dencies� Generalizationability

The VC dimensiondependson the numberof weightsandthe maximum
input length.

– RNNsarenot distribution independentPAC/UCED.

– RNNs are distribution dependentPAC/UCED. Boundscan be rather
bad. . .



– Posteriorboundsdependingon theconcretetrainingsetarepossibleas
analternative for unknown input distribution.� RNNsand automata

– RNNS can simulateautomata. The proof is constructive, i.e. prior
knowledgein thefomr of automatarulescanbeintegrated.

– Thereexist mechanismswhich approximatelyextract automatarules
from RNNs.Theseareheuristics.� RNNsand computability

– RNNscancount,this canbetrained!

– RNNscansimulateTuring machinesin principle. Necessary:memo-
ry/stack,Booleancircuit, memorywith theprogram;thesepartscanbe
simulated.

– RNNsareequivalentto familiesof non-uniformBooleancircuits, thy
aresuper-Turinguniversal.


