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Abstract. Weareinterestedin therelationshipbetweenlearningef-
ficiency andrepresentationin thecaseof supervisedneuralnetworks
for patternclassificationtrainedby continuouserror minimization
techniques,suchasgradientdescent.In particular, we focusour at-
tention on a recently introducedarchitecturecalled recursive neu-
ral network (RNN) which is ableto learnclassmembershipof pat-
ternsrepresentedaslabeleddirectedorderedacyclic graphs(DOAG).
RNNsoffer several benefitscomparedto feedforward andrecurrent
networksfor sequences.However, how RNNscompareto thesemod-
elsin termsof learningefficiency still needsinvestigation.In thispa-
perwegivea theoreticalanswerby giving asetof resultsconcerning
the shapeof the error surfaceandcritically discussingthe implica-
tionsof theseresultson therelativedifficulty of learningwith differ-
entdatarepresentations.Themessageof thispaperis that,whenever
structuredrepresentationsareavailable,they shouldbe preferredto
“flat” (arraybased)representationsbecausethey are likely to sim-
plify learningin termsof timecomplexity.

1 Intr oduction

Recursive neuralnetworks[7, 15, 5] have beenrecentlyproposedas
a novel connectionistapproachfor supervisedlearningin domains
in which a significantamountof information is encodedby binary
relationshipsbetweenatomic entities. In thesedomains,instances
are representedas labeledgraphs,as oppositeto vector-based(or
sequence-based)data representationswhich are much more com-
monly usedin conjunctionwith connectionistmodelssuchasfeed-
forward networks. Interestingapplicationsof thesestructuredcon-
nectionistmodelsbeenfoundin chemistry, softwareengineering,au-
tomatedreasoning,andpatternrecognition.Thereareseveralreasons
for preferringstructuredto flat representations,themostobviousbe-
ing the naturalway of dealingwith variablesize patternsand the
possibilityof preservinginformationencodedin therelationshipbe-
tweenbasicentities.

Despiteof their attractiveness,little theoreticalresultshave been
proved concerningthe actualeffectivenessof neuralnetworks for
datastructures.In this paperwe arespecificallyinterestedin theef-
ficiency of learning.As it turnsout, thecomputationalefficiency of
a learningprocesscan be significantly affectedby the representa-
tion usedby the learner. Therearewell known simpleexamplesof�
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this phenomenon.For example,in thePAC learningmodel,learning
3-termDNF is intractable.However, if thelearneris allowedto out-
putamoreexpressive hypothesis(suchas3-CNFformulae)thenthe
learningtaskbecomespolynomial [11]. The questionaddressedin
thispaperis how structuredrepresentationsaffect learningefficiency
and whetherthereis theoreticalsupportto the claim that learning
directly in thegraphicaldomainis likely to outperformlearningap-
proachesin which the graphis reducedto a flat vectoror to a se-
quence.We give a setof resultsconcerningthe shapeof the error
surfaceandwe critically discusstheimplicationsof theseresultson
therelative difficulty of learningwith differentdatarepresentations.
In orderto developsuchadiscussion,in thispaperwetake theresult
publishedin [4] asastartingpointandweaddaconsiderablenumber
of new results4

Our analysesare basedon someassumptionsdiscussedbelow.
First, we relatethe difficulty of the learningtask (i.e., its compu-
tationalcomplexity) to thepresenceof suboptimalstationarypoints
in theerrorsurface(alsopopularlybut somewhat improperlycalled
“local minima”). The loadingproblemis a well known intractable
problemfor feedforward neuralnets[10, 2]. This clearlypointsout
thatundertheconstraintof a givenrepresentation(i.e., network and
representationof dataarechosenby anadversary)thelearningprob-
lem is, in general,computationallyhard.However (astestifiedby a
quitelargeamountof successfulapplications)if therepresentationis
carefullychosen,thesecomputationallimitationsarenotexperienced
in practice.

Asa firstapproximation,weassumethat tractability/intractability
is tightly relatedtoabsence/presenceof suboptimalstationarypoints.

To avoid local minima thereareessentiallytwo known possibili-
ties.Thefirst oneis to relaxtherepresentationalconstraints,eitherby
permittinga largeenoughexpressive power (by increasingthenum-
ber of hiddenunits) [14, 9, 16] or by increasingthe dimensionality
of the input space.As a majordrawback,thegeneralizationto new
examplescanbeseverelyunderminedin thisway. Thesecondoneis
to put generalityaside,limiting the investigationto “easy” learning
problemssuchastheclassificationof linearly separablepatterns[8].

In this paperwe claim thataninterestingalternative for enlarging
the classof “easy” problemsbe soughtby a ratherradical change
of perspective in the representationusedby the learner. Whenever
representinginstancesby meansof labeledgraphsis anoption,such
representationshouldbe usedinsteadof a “flat” (i.e. vector-based)
representation.�

For obvious spacelimitations theproofsarenot reportedhere,but canbe
foundin [6].



2 Recursive neural networks for data structures

Theinputfor arecursiveneuralnetwork modelis alabeledDOAG � ,
wherethelabel �
	 attachedto eachnode� is a vectorin ��
 , possi-
bly encodingcategoricalattributes(andperhapsincludingaconstant
componentto simulatebiases).TheDOAG is assumedto possessa
supersource� and we also assumethat its maximumoutdegree is
lesseror equalthana fixed integer � . Thenetwork operatesaccord-
ing to thefollowing scheme.For eachnode� , wedefineastatevector� 	�� ��� computedasfollows:� 	���� ���� � � �"!$#&%('*),+ �� � 	.-0/1�2	43 (1)

where � is theusuallogistic function, ) + �� � 	 is thestateassociated
with the % -th child of node � (or the zero 5 -vector, if suchchild is
missing)and !6#&%(' and / areweight matrices.Note thatusingthe
sameformalism it is alsopossibleto deal with directedpositional
acyclic graphs(DPAG). Sincetherearenodirectedcycles,this com-
putationis alwayswell definedandcanbe serializedfollowing any
topologicalorderof thegraph,startingfrom theleavesandendingat
thesupersource� . Thestatevectorat � , �87 hasa specialmeaning.It
is in factanadaptivecodefor thewholelabeledgraph(asimilar idea
wasexploitedin [13] for unlabeledandlabeledgraphs,respectively).
In the presentapproach,the graphis classifiedby mapping�97 to a
realvalueusinga singlelayerednetwork:: �;� #=<?> �97 ' (2)

where < is a weight vectorand : �A@CB�DFEGDIH canbe interpretedas
theconditionalprobabilityof theclassgiventhe input graph5. Each
graph�KJ in thetrainingsethasa correspondingtarget LMJ �$NOB�DPEGDRQ .
TheerrorfunctionmeasuresthemismatchbetweenLMJ and : J .
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Figure1. CopsandthecorrespondingDOAGswhichcanuniquelybe
created.S

For the sake of simplicity we have assumeda classificationtaskwith two
classesonly. 1 outof T classificationis astraightforwardgeneralization.

3 The cop learning task

In this sectionwe introduceanartificial learningtaskusefulfor dis-
cussingthetheoreticalresultsreportedin theremainingof thepaper.
Thistaskis usedfor comparingtheefficiency of learningwhenusing
differentrepresentationsof thepatterns.Copsaresketchedusingaset
of blocks(nodes)connectedeachother(seeFigure1). A graphical
descriptionof thesepatternsis possiblewheretheblocksarerepre-
sentedby nodesandtheconnectionbetweenblocksby edges.Each
blockis characterizedby threeattributesdescribingshape,color, and
size.Thesethreeattributes(usingaproperencoding)will form thela-
belof eachvertex of thegraph.Althoughsimpleandperhapscoarse,
thisdomainturnsout to bequiteinterestingbecausepicturessuchas
thoseshown in Figure1 canbeeasilygeneratedby anattributedplex
grammar. If we assumethat thereis a startingblock (e.g.thebody)
thenthesepicturescanbe given a uniquerepresentationby means
of directedgraphs.Notethat,becauseof theconstruction,thegraph
turnsout to beadirectedorderedgraph(DOAG), thatis thereis also
anorderingin thechildrenof eachnode.More precisely, sincealso
thepositionof thechildrencanberelevant in thesegraphs,they are
sometimesmoreproperly referredto asdirectedpositionalacyclic
graphs(DPAGs)[3].

Wemaydefinea setof interestingtargetconceptson this domain.
Herearesomeexamples:

1. U #=VXW4YOZ,[C\F]X^X]F_(' , e.g.only large blue policemenarepositive in-
stances.

2. U #=VFZP`M'a[ We assumethatpolicemendressshort,whereaspolice-
womendressskirt andthetaskconsistsof learningthesex.

3. U #cb,dFegfhVGijW4_Pe,' , aninstanceis positive if f eitherhat or skirt
is present.

4. U #lkPmXnpo�^Xd4_XkOZM' , positive examplesmust have a gun and be
large.

5. U # raised-arm ' , aninstanceis positive if f oneor botharmsare
raised.

6. U #cb,dX^FeMWRnOkrq4' , and U #cbMdX^Fe,WRnXkMsO' - halting concepts
Considerthe problemof following the directionsof a traffic po-
liceman locatedat a cross-roads.The traffic policemanis sup-
posedto provide directionby usingthesignalor by simpleclas-
sical gesturesas indicatedin Figure1, in which the stop is sig-
nalledby raisingoneor two hands.This loadingproblemis de-
noted U #cb,dX^Fe,WGnOkrq4' , whereasU #tdX^4e,WRnOkMsO' consistsof recogniz-
ing thosecopswho have eitherone/two raisedhandsor the red
sign.

7. U #luOZFvOeFb,'Classifya collectionof DOAG’s dependingon their depth.Load-
ing problem U #luOZFvOePbM' might begivenniceinterpretationsin the
copworld.

8. U #t]4mOe B uOZPkX_OZPZM'The problemconsistsof classifyinggraphsdependingon their
maximumoutdegree.This problemis alsomeaningfulin thecop
world.

In orderto definetheselearningtaskscompletely, wemustspecify
therepresentationof thepatterns.Whenchoosingpixel-basedrepre-
sentations,dependingon the assumptionswe give in this artificial
world, especiallysomeof thedefinedloadingproblemscanbecome
very hard.The critical commentsraisedby Minsky in the epilogue
of Perceptrons[12] holdparticularlyfor structuredlearningtasks.In
orderto developa fair comparisonbetweenstaticanddynamicrep-
resentations,we make theassumptionthatthesepicturescanbepro-
cessedin sucha way to constructthecorrespondingdirectedgraph.



This is madepossibleby theunderlyinghypothesisthatwe aredeal-
ing with patternsthat arenot severely corruptedby noise.A natu-
ral dynamicrepresentationis the graphitself, whereaswe take any
equivalent sequentialrepresentationof the graph,properly padded
with zerossoasto completethecoordinatesupthethemaximum(the
maximumnumberof coordinatesis in factderived from the largest
graphof the training set).For instance,the parenthesizedrepresen-
tationor therepresentationbasedon thecombinationof thein-order
andpre-ordertraversalsareequivalentsequentialrepresentationsfor
binarytree.In theremainderof thepaper, we give theoreticalresults
for supportingthe conjecturethat graphicalrepresentationsof the
input with the correspondingrecursive networks simplify the load-
ing problemwith respectto the traditional feature-basedrepresen-
tations(static datatypes).Beforestartingthe comparisonbetween
array-andgraphical-basedrepresentationswe notethatvariablesize
patternscouldalsoberepresenteddirectlyby theequivalentlist with-
out paddingwith zero.This kind of representationmakesit possible
to adoptrecurrentneuralnetworks6 for the classification.Suchan
approach,however, wouldsuffer two majordrawbacks.First, these-
quencesobtainedfrom graphtraversalsarelikely to bevery long(for
example,in a treethenumberof nodesgrows exponentiallywith the
height)thusmakinglearningvery hardbecauseof long-termdepen-
dencies[1]. Thesameproblemdoesnothold for graphicalrepresen-
tation(especiallywhenthey arereasonablybalanced):thebackprop-
agationthroughstructurealgorithmbackpropagatesthe error along
pathswhoselengthis notgreaterthanthedepthof thegraph.Second,
mappingof datastructuresinto sequencesis likely tobreaksomenice
regularitiesinherentlyassociatedwith the datastructure,thusmak-
inggeneralizationveryhard.Of course,thisproblemholdsalsowhen
usingany feature-basedrepresentation.

4 Conditions for local minima freelearning

In this sectionwe give a setof sufficient conditionsfor theabsence
of stationarypoints.Wedonotconsidertheequivalenttaskbasedon
recurrentnetworks for sequencesfor the reasonsalreadydiscussed,
whereaswe focusattentionon thecomparisonwith respectto feed-
forward networks. In particularwe are interestedin comparingthe
loadingproblemsderiving from thedynamicandthecorresponding
static representation.Given a setof training graphsw 7 (with asso-
ciatedtargets),let w2x bethesetof trainingexamplesobtainedfrom
an equivalentsequentialrepresentationasdescribedin the previous
section.For thestructuredrepresentationdefinetheset y 7 of all the
error functionsassociatedwith w 7 andthesetof all theRNNssuch
that a zero-costsolutionexists. Similarly, for the unstructuredrep-
resentationdefinethe set yMx of the error functionsassociatedwithw x andall thefeedforwardnetssuchthata zerocostsolutionexists.
Notethatin thiswaywehaverestrictedouranalysisto thesetof net-
works having a sufficient expressive power to perfectlyload all the
examples.

4.1 Conditions relatedto the labels

Herewe studyglobalconditionsbasedon nodecontents.Let usde-
noteby z the matrix obtainedby groupinginto columnsthe label
vectorsattachedto all thenodesof all theDOAGsin thetrainingset.{

Recurrentnetworks for sequencesare in fact a specialcaseof recursive
networks.In this paperwecall recursivethosenetworksthatcandealwith
graphs,andrecurrentthoselimited to sequences.

Now supposeto arrangethelabelsinto two matrices,z1| and z + ,
collectingall thelabelsfoundin positive andnegative examples,re-
spectively.

Theorem4.1 If z | and z + arelinearly separabletheneveryfunc-
tion in y 7 is unimodal.

Thesetheoremscorrespondto similar resultsfor feedforward net-
works (see[8]) andthus,underconditionsthat guaranteesy x con-
tain only unimodalfunctions, y 7 is guaranteedto containunimodal
functionsaswell.

Example4.1 Considertheconcept}�~&�4���R�P� � �G�G�I�P� definedin Section3.
If thecolor is codedin theRGB (red-green-blue)space,thenthefeatures

size.color can be given a real-valued representation.In this case,the
linearseparabilityrequiredbyTheorem4.1canholdin many interestingcases
(for instancein thecasein which thepositive examplesarelargebluecops).

Notethatin thisexamplethegraphicalrepresentationdoesnotprovidead-
vantageswith respectto thestaticcounterpartin theframework of our com-
parison(absenceof localminima).

4.2 Conditions relatedto the graph topology

In this sectionwe give conditionsthat take into accountboth the
topologyandthelabelsof thetraininggraphs.Themainideabehind
theseresultsis that,becauseof thetopologyandbecauseof theback-
propagationthroughstructuregradientcomputationscheme,there
aretraining examplesthat do not contribute somegradientcompo-
nents.

Definition 4.1 Let � bea recursivenetworkwhich is fedby graph�KJ ����� (setof graphsof thetrainingset).Thegradientcontribution����8� �l� �a� J of zpJ is definedas����8� �l� �a� J [� � D��=�����0�$�;� ���9� �l� �a� J # � '���;� E���R ¢¡r£G¤4¥ � �G£ [ (3)

where � is the weight spacecorrespondingto matrix / . Note that�� �8� �l� �a� J is non-zeroif DOAG � J contributes,for at leastaweight ¦ � � ,
to thegradientelement

���8� �&� �a� J # � ' . A specialinterestingcasearises
whenthedecouplingis dueto a biasterm ¦ � [
Definition 4.2 For each element¦ � � wedefinetheDOAG contribu-
tion setw.r.t. thelearningenvironmentw � asfollows:§r¨ # �¢Et©rª w � ' [� NR«¬�1­ w � � ����9� �l� �a� J®� D4Q [ (4)

where ­ is the pointeroperator;hence­ w � is the setof indicesofw � [ Notethat
§r¨ # �¢Et©rª w � ' collectsall DOAG’s thatcontributeto the

correspondingelement# �¢Et© ' of ¯ �
.

Definition 4.3 Let ° �| and ° �+ be the partition of w � basedon

the positiveand negative examples,that is w � �±° �|6² ° �+ and° �|6³ ° �+ �µ´ [ Weight ¦ � � is decoupledw.r.t. ¶¸·¹° � (either ° �| or° �| ) providedthat §r¨ # �¢Et©rª w � '®º ­ ¶6�;´ (5)

Notethatif ¦G»� � »� is decoupledw.r.t. ° �| ( ° �+ ) then
§ ¨ # ���E �©¼ª w � ' · ­ ° �+(

§r¨ # ��¢E �©"ª w � ' · ­ ° �| ).



Definition 4.4 Classes° �| and ° �+ are decoupledw.r.t. weight ¦G»� � »�
providedthat:§r¨ # ���E �©¼ª w � ' � ­ ° �| or

§r¨ # ��¢E �©rª w � ' � ­ ° �+ [ (6)

Rememberingthatthegradientisalinearoperator(i.e., ½¼¾�¿4½"¥À�Á J ½¼¾ÂJÃ¿4½"¥ ) theabsenceof decouplingcanbeshown to beoneof
themainreasonsfor thepresenceof stationarypoints:gradientsvan-
ishesbecausethecontributionsfrom positive andnegative examples
cancelout.Thefollowing resulthold:

Theorem4.2 (labeldecoupling)
Theerror function ¾ is unimodalprovidedthere existsa weight ¦ � �
of matrix / such thatclasses° �| and ° �+ aredecoupledw.r.t. weight¦ �l� � [
Theorem4.3 (pointerdecoupling)
Theerror function ¾ is unimodalprovidedthere existsa pointer %such that at least for oneelementÄ � � � of matrix !$#&%j' classes° �|
and ° �+ are decoupled.

From thesetwo theoremsit is easyto show the following conse-
quence.

Corollary 4.1 Supposethat training graphsare labeledby categor-
ical attributesencodedusingone-hotcoding. Also supposethere is
at leastonenodethatoccurs in positiveexamplesonlyor in negative
examplesonly. Theneveryfunctionin y 7 is unimodal.

Example4.2 Let us considerthe concepts}�~l�I� ÅF� and }�~ÇÆ4È ÉP�Ê� Clearly
every training set for this conceptmatchesthe conditionsof Corollary 4.1,
thusgiving rise to a unimodalloadingproblem.Basically, thepresenceof a
discriminantblock (skirt or shorts) for }�~l�I� ÅF� or the presenceof the
blockhat for }�~ÇÆ4È ÉP� makesit possibleto concludethattherearenosubopti-
mal localminimain theerrorfunction.Let usconsiderthestaticcounterparts
of }�~l�I� ÅF� and }�~ËÆ4È ÉF� . Becauseof theassumptionsmadein thecreationof
graphsfrom pictures(seeFigure1), theblock Æ4È É occupiesa fixedposition
in theequivalentsequentialrepresentation.Hence,thecorrespondingloading
problemis linearly separable[8]. On the opposite,whenconverting graphs
to sequentialrepresentationsfor loadingproblem}�~l�I� ÅP�=� , wecaneasilysee
that thepositionof theblocksskirt andshort is not in a fixedposition,
but canalsoconsiderablybeshiftedbecauseof thelackof someblocksin the
pictures.It caneasilybeshown that in this casethestaticcounterpartof the
given problemmay not be linearly-separable.Hence,}�~l�I� ÅP� is easywhen
usingstructured representationof the pictures,but can be very hard when
choosingequivalentstaticrepresentations.

Theorem4.2andthecorrespondentCorollary4.1canbeextended
to thecaseof logicalconditionsassociatedto thepresence/absenceof
nodes.Let usdefinetheclassof discriminantORproblems, denotedUÍÌ , astheclassof loadingproblemsfor whichthereexistsaset ÎjÏ of
discriminantnodessuchthatatraininggraphis positiveif f it contains
at leastonenodein ÎjÏ .
Corollary 4.2 For every training set w 7 that originatesfroma dis-
criminantORproblem,theassociatedsetof error functionsy 7 only
containsunimodalfunctions.

Theclassof discriminantANDproblemscanbedefinedin a simi-
lar way andananalogousresultholdstrue:

Corollary 4.3 For every training set w 7 that originatesfroma dis-
criminantANDproblem,theassociatedsetof error functionsy 7 only
containsunimodalfunctions.

Example4.3 Problem}�~ËÆ4È ÉÍÐÑ�ÓÒO���GÉP� asdefinedin Section3 is clearly
a discriminantOR problem(discriminantnodesarehat andskirt) and,
by Corollary 4.2, it hasassociatedunimodalerror functions.Onecould re-
gard }�~ËÆ4È ÉKÐÔ�ÓÒO���GÉF� astheloadingproblem}�~ÇÕF�¢ÖXÈI×P� associatedwith the
recognitionof police-women.

Example4.4 Theproblem}�~ÃØ ÙG×
ÚÛ� È �GØR�4� is a discriminantAND prob-
lem and,by Corollary 4.3, it hasassociatedunimodalerror functions.Note
that � È �GØR� is regardedasaglobalfeature.Onecouldregard }�~ÃØ ÙG×¼Ú
� È �GØR�P�
astheloadingproblem}�~CÖXÈI×P� for therecognitionof policemen.

Like discriminantnodes,the conceptof discriminantpointersturn
out to be very useful for producingdecouplingand,consequently,
theabsenceof localminima.

Example4.5 Considertheconcept}�~ raised-arm � . If we usea DPAG
for representingthe pictures then from Theorem 4.3 we conclude that}�~ raised-arm � hasassociatedunimodalerror functions.A raisedarm is
in fact associatedwith the correspondingpointer which connectsthe body
to thearm(seeFigure1). Note that thesameconclusioncouldnot easilybe
derivedwhenusingDOAG-basedrepresentationsof thepolicemen.

Interestingly enough, the more general decoupling conditions
whicheitherinvolvethenodesor theedgesmakesit possibleto study
alsothehalting1 andhalting2 loadingproblem.Thetheorems
reportedin this sectiondo not have a counterpartfor flat representa-
tions.In particularthereis noguaranteethatinstancesin thetraining
set �Kx are linearly separable.This makes it evident that there are
learningproblemsthatare easierusinga structuredrepresentation.

4.3 Topologicalindices

Whenlabelsareall categorical,thetrainingset w 7 canbecompacted
into a singleDOAG [15]. This is doneby introducinga topology-
basedequivalencerelationon thenodesof the traininggraphs.Two
nodes� and ¥ aretopologicallyequivalentif f thelabeledsubgraphs
inducedby theirdescendantsareidentical(therelationshipisdenoted
by ­lÜ ). Theequivalencecanbeexplainedby notingthatrunningany
RNNson thegraphsin which � and ¥ appear, theassociatedhidden
staterepresentationareindistinguishable(i.e., � 	p� �KÝ ). A single
DOAG �ÔÞ is thenconstructedby includingonly therepresentantsof
theequivalenceclasses7. Thenumberof nodesof �ÔÞ is calledpower
pointer of the training set,denotedßàw 7 . The power pointeronly
dependsonthetopologyandthelabelingof thetraininggraphs.In [4]
it is shown that 5âá.ß6w 7 is a sufficient conditionfor theabsenceof
stationarypoints(theresultcanbeseenasa generalizationof [16]).
Anothertopologicalindex canbeintroducedwhichmakesit possible
to determinein advancethenumberof hiddenunitsrequiredto avoid
suboptimallocal minima. The following new topological index in
introduced:

Definition 4.5 Given w � with categorical variableswe call broth-
erhoodindex of w � thenumberª �;w � [�Àã?äRå�Ræ � ª ��w �� [��ã?ä4å�4æ � ªO� � ¿4çéè ê ª [ (7)

ë
The supervisionschemewhen learningwith the single graph ì Þ needs
to slightly changedsinceevery nodethat appearsasa supersourcein the
original trainingsethasanassociatedtarget.
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Figure 2. Theproblemof classifyingDOAGsdependingthetheir
outdegree.Positive DOAGsarethosewith outdegreelessthanthree.

Example4.6 Considerloadingproblem }�~c�aÙRÉgíïîR� ØG�R�G�F�¢� In [4], it was
shown that ðgñÛòôóöõ andthatanetwork with 8 hiddenunitsis sufficient in
orderto avoid local minima.Hence,ò?÷ � ó�õP� Likewisewe cancalculateø �ñÔù çéè êôúø �ñÔù çéèGû�ó�ü4~cýþí �Gÿ ýþí �Pÿ�� í �Pÿ�� í�� ÿ ýþí�� ÿ�� í	�R�~ � í � � ÿ ~ � í �Pÿ
� í��4� ÿ ~ � í	�R���4�ø �ñÔù çéè�
 ó�ü��¹í �Gÿ ý í �Pÿ ý í�� ÿ � í�� ÿ ýþí	�R���4�ø �ñ ù çéè��þó�ü��¹í�� ÿ�� í�� ÿ �¹í��R���4�

Hence,� óâ÷ � ó��X� It canbeproventhata recursive neuralnetwork withTÑó�� ó í ��� ÷ � ó �
hiddenunits,guaranteestheabsenceof local minima.

5 Conclusions

In this paperwe have considerablyextendedtheresultsgiven in [4]
by presentingsufficient conditionswhich make it possibleto con-
cludethatmany interestingloadingproblemsof datastructuresinto
recursiveneuralnetworksareeasy(nosuboptimallocalminimapop-
ulate the attachederror function). We have introducedan artificial
problem,thecoplearningtask,andhave shown thatgraphicalrepre-
sentationsof theinstancesmakelearningeasy, whereaswhenprovid-
ing an equivalentstaticrepresentationof the samedatathe loading
problemmaybecomevery hard.Themainconclusionis thatwhen-
ever representinginstancesby meansof labeledgraphsis anoption,
suchrepresentationshouldbe usedinsteadof a “flat” (i.e. vector-
based)representation.
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