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Abstract

It is proposedthat learninga language(or more gener

ally, a sequencenf symbols)is formally equialent to

reconstructinghe state-spacef a non-lineardynamical
system. Given this, a setof resultsfrom the study of

nonlineardynamicalsystemamay be especiallyrelevant
for anunderstandingf the mechanismsinderlyinglan-

guageprocessing. Theseresultsdemonstratehat a dy-

namicalsystemcanbe reconstructeen the basisof the
datathatit emits. They imply thatwith minimal assump-
tionsthestructureof anarbitrarylanguagecanbeinferred
entirely from a corpusof data. Sate-Space reconstruc-

tion canimplementedin a straightforvard mannerin a

model neuralsystem. Simulationsof a recurrentneural
network, trainedon a large corpusof naturallanguage,
aredescribedResultamply thatthe network sucessfully
recognizesemporalpatterndn this corpus.

I ntroduction

Comple patternrecognitionis often characterizedy
meansof a simple geometricanalogy Any object or
patternmay be describedas a single point in a high-
dimensionakpace.For example,a squaregrayscaldm-
agethatis 256 pixels in length, may be describedas a
point in the 256° dimensionalspaceof all possibleim-
ages. A collectionof suchimagesis a setof pointsin
this space If thesepatternsarenot entirelyrandom this
setwill residein a subspacef lower dimensionality To
learnthe structureof theseimages,an organismor ma-
chinemustdiscorer acompaciparametricepresentation
of this subspaceThis might take the form of, for exam-
ple, £nding a reasonablysmall setof basisvectorsthat
will spanthe subspacend projectingeachimageonto
thesevectors.Having donethis, eachimagecanbeclas-
siEedin termsof anew andmoremeaningfulcoordinate
system.You effectively describéwhat is there’in terms
of 'what is known’.

This geometricapproactis routinelyemployedin the
study of visual object recognition, but may easily be
extendedto a wide rangeof cateyorizationand classi-
£cationtasks. In almostall cases,however, the pat-
ternsunderstudyhave beenmulti-dimensionaktatic pat-
terns. In contrastthe studyof temporal patternrecogn-
tion usingthis or relatedapproachefasnot beenwell-
developed. For example, one of the most widely em-
ployedtechniguegor temporalpatternrecognition Hid-

denMarkov Models are limited in their generalitydue
to their fundamentalnability to handlepatternsabove a
certaincompleity. This absencef generalmodelsfor
temporalpatternrecognitionis evidentin the study of
humanlanguageprocessingwhich traditionally hases-
chaved seriousconsideratiorof statisticallearningand
patternrecognition.

This paperaimsto introducea generaframework for
the studyof temporalpatternrecognition. This is devel-
opedin the contet to languageprocessingbut it could
be extendedin a straightforvard mannerto mostother
casef temporalpatterns First, a generalcharacteriza-
tion of the problemof languagdearningand language
processingisproposed. Then, some recentresultsin
the studyof nonlineardynamicalsystemsaredescribed.
Theseareseenasheingespeciallyrelevantfor anunder
standingof the mechanismsinderlyingtemporalpattern
recognition,especiallywith regardto languageprocess-
ing. Finally, simulationswith arecurrenineuralnetwork
aredescribedwhich suggessuccessfupatternrecogni-
tion of Englishsentences.

The processing of symbol sequences

A paradigmfor the study temporalpatternprocessing,
especiallylanguageprocessinghasdevelopedas a re-
sult of the deeprelationshipbetweenformal languages
andabstracautomatgChomsly 1963}. Any language
(or moregenerallyary sequencef symbols) canbede-
scribedasthe productof a particularautomatonBy this
accountjearninga languages equialentto identifying
a particularautomatonon the basisof a sampleof the
languagethat it generates.More formally, an automa-
ton 4 is specifedy thequadruple(X, ", F, G). X and
9 aresetsknown asthe stateandthe outputspaceste-
spectvely. Thefunctions¥: X — X andG: X —

1The correspondenceetweenformal languagesand ab-
stractautomatacanbe summarizedy the so-calledChomsly
hierarcly: Classe®f automatahatareincreasinglyrestrictive
versionsof the Turing machineproduceclassesf languages
describedy increasinglyrestrictve generatie grammarsThe
regular languageR are producedby strictly £nite automata,
thecontext-freelanguage€F areproduceddy pushdavn stack
automatathe context-sensitive language<sS are producedby
linear boundedautomataand the recursively enumerable lan-
guageRN areproducedy unrestrictedruring machinesR C
CF C CSc RN, andlikewisefor theircorrespondingutomata.



arethe state-transitiorandthe outputfunctions,respec-
tively. Beginning at time to and continuinguntil t., the
sentence-generatat constantlychangegrom onestate
in X to the next, accordingto its state-transitiorfunc-

tion #. At eachtransition,a symbolfrom the set? is

emitted,accordingto its outputfunction G.

A langagelearnerattemptsto identify the nature of
this automatoron the basisof a sampleof the language
thatit generatesThatis to say the languagdearneris
exposedto a £nite sequenceof 9 and from this must
attemptto identify 4 = (X,9", ¥, G). Having attained
knowledgeof 4, the learneris saidto have full knowl-
edgeof the structureof the language. The learnerhas
the capability to produceall the sentence®f the lan-
guage,including the infnite numberof sentenceshat
werenever seenLikewise,thelearnerhasthe capability
to parsethe syntacticform of ary sentenceof the lan-
guage.This ability alsoextendsto thein£nite numberof
never-encounteregentences.As syntacticparsingis a
necessarpreconditiorfor theinterpretatiorof language,
it is saidthatthelanguagehasbeenlearnedonceknowl-
edgeof its grammarhasbeenattained.

While the correspondencbetweenformal languages
andautomataasallowedtheproblemof languagdearn-
ing to be given an explicit characterizationtheseau-
tomatad = (X,9, ¥, G) have alwaysbeentakento be
discreteparameteisystems. To continuethis paradigm
it is usefulto demonstratehe correspondencbetween
generatire grammarsand continuousaswell asdiscrete
automata. Within nonlineardynamicalsystemsheory
thestudyof symbolic dynamics hasmadeapparenthere-
lationshipsbetweenformal languagesgeneratie gram-
marsand continuousdynamicalsystems.Symbolicdy-
namicsrefersto the practiceof coarse-codinghe ambi-
entstate-spacef a dynamicalsysteminto a £nite setof
subspaceandassigningasymbolto each.Wheneerthe
systementersapartition,theassignegymbolis emitted.
In this way, the trajectoriesof the dynamicalsystemcan
be representedsstringsof symbols.Unlessthe system
is entirely stochasticonly a certainsubsedf stringswill
occur It canbe shown that thesestringsde£nea lan-
guageandthe systemproducingthem canbe described
by a generatte grammar(Bai-Lin & Wei-Mou 1998).

The relationshipbetweenlanguagesgrammarsand
dynamicalsystemshasbeenfurther describedoy Tabor
(1998). In thatwork, andin Tabor(2000), the compu-
tational capacitief a pushdavn stackautomatornwere
identifedwith thoseof a stochasticdynamicalsystem,
basedon aniterated function system. This wasusedto
demonstratéherecognitionof context-freelanguagedy
a simple 2—dimensionaldynamicalsystem. Following
Tabors approach,it is reasonabldo proposethat any
language(or ary symbol sequencepeneratingprocess
may belegitimately describedasa continuous aswell as
a discrete system. Accordingly, andby keepinga strict
analogywith theautomatonq = (X,9", ¥, G) described
above, it is possibleto introducethe correspondingon-
tinuoussystem, 2’ de£nedby the quadruple(X,y, f,g)

By introducing 2’ = (X,y, f,g), the languagegener
ating processis being explicitly de£nedasa nonlinear
dynamicalsystem.For example,the systemmay be de-
scribedby a setof coupleddifferentialequations

§ = (%.3)

whereX is the systems stateand & is a vector£eld de-
£nedon an mdimensionamanifold 44. & is a unspec-
ifed stochasticelementin the system. The language
being producedby this systemis a resultof the coarse-
codingfunction

y=9(x),

wherey is avariablerepresentinghe symbols of thelan-
guage. However, thereare still formal similarities be-
tweenthe discreteautomatonq = (X, 9", ¥, G) andits
continuouscounterpart?’ = (Xy, f,g). X is the state-
spaceof 4’ andy is a variablerepresentingts output.
The function f: X — X describeghe stateevolution of
thesystemwhile g: X — y is anoutputfunction. In fact,
theonly essentiatlistinctionbetweenq = (X,9", ¥, G)
andA = (X )y, f,g) isthatin thelattercasethestate-space
X is continuousratherthandiscrete andthe evolution of
the systemdescribedy f is smooth preventingdiscon-
tinuousleapsthroughspace.

State-Space Reconstruction

A languagdearnercanbe saidto be attemptingto iden-
tify the procesgeneratinghelanguagelf this generat-
ing procesds describedasa continuousdynamicalsys-
tem,the objectie is to modelthe dynamicalsystemg =
f(X) on the basisof the languaget outputs,y,. ... , ;.
Primafacie,this problemis widely intractable. Thesym-
bolsto which the learneris exposeddo not identify the
stateof the system.They area productof the composi-
tion of two unknovn andprobablynon-linearfunctions,
f andg. However, it maybefruitful to considettheanal-
ogy betweenthis problemand a more generalproblem
encountereth theexperimentabhnalysif comple sys-
tems. For example,a scientistobservinga sequencef
individual measurementfom a comple physical pro-
cess(e.g. aauid in turbulentmotion) may be interested
in understandinghe propertiesof the underlying sys-
tem. In theabsencef prior knovledgeandwithout loss
in generality the systemcanbe takento be a stochastic
dynamicalsystemwhosefunctionalform is completely
unknovn. The scientistmustinfer its functional form
on the basisof the measuremerdataalone. Oneof the
moreremarkableoutcomeof dynamicalsystemsheory
is thatin mary generakaseghis problemis tractable.In
virtue of the analogy the mannerby which this is done
may alsoelucidatethe problemof languagdearning.
Packard Crutch£eldFarmer& Shav (1980)were£rst
to demonstratéhata dynamicalsystemcould be recon-
structedentirely on the basisof its output. They pro-
posedthatany time-serief quantitiesmeasuredrom a
dynamicalsystemmaybe sufEcientto constructa model



that preseresits essentiabtructure. Takens(1981)de-
velopedandclariEedthe mathematicaévidencefor this

proposal. This was considerablygeneralizedoy Sauey
Yorke & Casdagli(1991), and more recently Stark,
BroomheadPavies & Huke (1997)have extendedthese
resultsto the moregeneralcaseof stochastialynamical
systems.

Saueretal. (1991)have suggestethatthefoundations
of theseédeasareto befoundin differentialtopology For
example,a seminalftheoremin this £eld (Whitney 1936)
is that ary m-dimensionalmanifold & canbe mapped
by a diffeomorphism into EuclideanspaceR? if d >
2m-+ 1. Moreover, thesubsetf all possiblesmoothmaps
from M to R°™1 thatarealsodiffeomorphismss both
openanddensein the function space. As Saueret al.
(1991) point out a single measuremenof a dynamical
systemis a mapfrom the systems stateto the real line.
As such,the signiEcanceof Whitney’s resultis that al-
most every® setof 2m+ 1 independenmeasurementsf
a dynamicaltaken simultaneouslyis sufEcentto recon-

structthe dynamicalsystemin the measurement-space.

The manifold M andits vector£eld & are embedded in
the measurement-space.

The morerecentresultby Takens(1981) may be un-
derstoodn in termsof this embeddingheorem.Takens
considerghe caseof adynamicalsystemf(X,8): M —
M andthedelay-coordinate map,D: M — R2™1, This
mapD is deEnedassimply atime-serief scalarmea-
surementsz = {yt,¥t+1,---,Yt+2m} Obtainedfrom this
systemwherey = g(X). It is clearthat

Z= {ytayt+17"' ayt+2m} = {g()q)vgo f()q)a

wheref" isthecompositiorof f n-times.In otherwords,
thesequence of 2m+ 1 measurementg= g(X) isin fact
a function of a single point or statex of the hiddendy-
namicalsystem.Thedelay-coordinate map» mapseach
statex of the hiddensystemto a pointin R2™1, Tak-
ens(1981)demonstratethatwith minimal assumptions
aboutthe hiddendynamicalsystent , the setof delay-
coordinate maps? thatarealsodiffeomorphismss both
openanddenséan the spaceof maps?. In almost every
case,the hiddendynamicalsystemis embedded within
thedelay-coordinateneasuremergpace.

Saueret al. (1991) have considerablyelaboratedhe
Takens(1981) embeddingheorem. They de£nebotha

2A diffeomorphism from A to A is a oneto one map,
wherethe mapandits inversearediferentiable.

3Thefactthatthe setof mapsthatarealsodiffeomorphisms
is anopen subsebf thefunctionspacemeanghatary arbitrar
ily smallperturbatiorof a diffeomorphisnis alsoa diffeomor
phism. The fact that the setis dense meansthat every point
in the function spaceis arbitrarily closeto a diffeomorphism.
In addition, Saueret al. (1991) have shavn thatalmost every
mapin thefunctionspaces adiffeomorphismin thatthecom-
plementto this subsetis of measurezero. In otherwords,the
likelihood of anarbitrarymapalsobeinga diffeomorphismis
probability one, or inEnitely likely.

4In particular it is assumethatthedynamicaldoesnotcon-
tain periodicorbits that are exactly equalto (or exactly twice)
the samplingrateof the measuremerfunctiony = g(X).

delaycoordinatamap?’: M — RS, wheresis aninteger
arbitrarily greatethan2m+ 1, anda smoothtransforma-
tion of thismap,@: 2 — R2™1 |n thespirit of Takens
(1981), Saueret al. (1991) demonstratehat the set of

thesecompositefunctions@o 2 : M — R?™1 thatare
also diffeomorphismis openand densein the function

space.

Thetheoremof Takens(1981)andSaueretal. (1991)
applyto deterministiadynamicalkystemsThesearesys-
temswhoseentirefuture evolution canbebedetermined
from preciseknowledgeof the systems state. As real
world systemsareinevitably coupledwith sourcef ex-
ternalnoise,the generalityof thesetheoremamay seem
limited. Starketal. (1997)have shavn, however, thatthe
embeddingheoremscanbe generalizedo a muchless
restrictedclassof stochastiodynamicalsystems. They
considera discretetime systemwhereat eachtime step
one of k different discrete-timemaps f,: M — M is
chosenwherew =1,... k. Asin Takens(1981),they
de£nethe delay-coordinate map, D: M — R?™1 and
show thatin the stochasticsystemsunderconsideration
the setof maps? thatarealsodiffeomorphismis open
anddenseén thefunctionspace.

State-Space reconstruction in neural
systems

While theseresultsareohviously importantfor the gen-
eralproblemof nonlineartime-serieanalysistheirrele-
vancefor the problemof languagdearningmay be lim-
ited. Theproblemof languagdearningdoesnot£t neatly

,go fzm(%), }tinto the scenariosconsideredoy Takens(1981), Sauer

etal. (1991)and Stark et al. (1997). This is primarily
dueto the fact that the output of the languagegenerat-
ing dynamicalsystemis a sequencef symbolsrather
thanareal-\aluedscalar In addition,the stochasticsys-
tem consideredy Starket al. (1997) might not be gen-
eral enoughto describethe arbitrary stochastiadynami-
calsystenthatis heretakento bethelanguageyeneratar
More importantly thesetheoremsconsiderand explain
certainsuf£cient conditionsanddo not lead naturallyto
agenerallgorithmicprocedurdor reconstructingtate-
space.For example, Taken's theoremdemonstratethat
the coordinatespaceof 2m+ 1 scalarmeasurementis
sufEcientto embedthe generatingdynamicalsystemof
dimensionalitym. Practically however, this just means
thatthecoordinatespaceof a£nite numberof scalamea-
surementss sufEcientfor theembeddinglt doesnotin-
dicatehow it canbeknown thatanembeddindhasin fact
occurred. Whatis necessarytherefore,is an objective
function that may be optimizedto producea reconstruc-
tion of the dynamicalsystemdrom its outputs.
Crutch£eld& Young(1989)introducee-machinesas
ageneralprocedurdor state-spacesconstructionThey
proposethat the stateof the e-machineuniquely corre-
sponddo thestateof adynamicalsystememitingasym-
bol sequencé it canbe shavn thatits staterendershe
future of thesymbolsequenceonditionallyindependent
of its past. In otherwords, if the probability distribu-



tion over future sequencesf symbolsis independenof
the pastsymbolsgiven the stateof the e-machine then
thee-machineuniquelylabelsthe stateof the dynamical
systemgeneratinghe symbols.The e-machinecanthen
betakenasa modelof theunseersymbolgeneratingly-
namicalsysten.

On the basisof the embeddingtheoremsand the ¢-
machineof Crutch£eld& Young (1989), an objective
function for state-spaceeconstructionmay be intro-
duced. The objective is to model the dynamicalsystem
f(X,0): M — M, andthis canbe deEnedaslearninga
structure-preservingapfrom the manifold M to a sec-
ond topologicalmodel-space 4. If the probability dis-
tribution over sequencesf symbolsemittedby the dy-
namicalsystemde£nedon M is independenbf its past
symbolsgiven the stateof the model-space A/, then A(
smoothlyanduniquelylabelsthe stateof the dynamical
systemgeneratinghe symbols. The trajectoryof states
on A’ canthenbe taken asa modelof the unseersym-
bol generatingdynamicalsystemA/. This ideamay be
illustratedby meansof aneuralsystem.

A systemof cortical neuronscanbe minimally mod-
eled by a setof n couplednonlineardifferential equa-
tions,

j=n

§=—yi+ Y wijo(y)+lh,
=1

where o is a smoothand monotonictransferfunction,
y; is the somapotential of neuroni, resultingfrom a
weightedsum of its inhibitory and excitatory inputs. |

is theexternalinputto thesystem.Clearly, this systems
adynamicalkystende£nednan-dimensionamanifold
AL. In addition,the stateof this systemy; atagiventime
t is a function of bothits presentinput I; and, through
the action of its recurrentsynapsesthe history of pre-
vious input, {ly,,...,l}. In otherwords, the systems
stateat ary giventime is a smoothfunction of anentire
sequencef inputs. This canbe representedy the cor-
respondenc@ = Y (l,,...,lt). If thesequencef inputs
{lty,... . It} representsheoutputl; = g(% ) of dynamical

5In a dynamicalsystem the entire evolution of the system
is describedby its trajectoryfrom t_., throughtg to to. The
future trajectoriesof the systemare conditionallyindependent
of the past,given the presentstateof the system.In theideal
caseof a deterministicandautonomousystem the future tra-
jectory of the system X[to, t» ), canin principle be determined
from the presentstateof the system X(tg). Absoluteknowl-
edgeof the systems stateX attg providesabsoluteknowledge
of thefuturetrajectoryX([to,too). No informationaboutthe sys-
tem’s prior trajectory X(t_o, to] is necessary In a stochastic
dynamicalsystem(where,for example,at irregular pointsin
time thereis coin tossof ank-sidedcoin to choosebetweerk
differentsetof differential equations)a similar situationoc-
curs. While the future is not entirely predictableon the basis
of the presentstatein this system,no increase in information
aboutthefutureis gainedby knowing the past.In otherwords,
thefuturetrajectoryof the systemis stochasticallyndependent
of thepast,given the stateof the system.Thecaseof astochas-
tic systemcanbe seento generalizao the caseof a dynamical
systemdriven by externalinput.

systemf (X, 8) thenit is clearthat
y[ = w(ltoa s :It) = l.IJ (g(X_{O),gO f(X_{o)a -»go ft(x_{o)) )

where f! is the compositionof f t times. The statey of
theneuralsystemis afunctionof thestateX of thehidden
dynamicalsystem.

Theneuralsystemg¢ on A is adiffeomorphisnof the
dynamicalsystem& on M, if the statey smoothlyand
uniquely labelsthe stateX. If the future inputsto the
neuralsystemare stochasticallyindependenof the past
inputs, given the statey of the systemthen A’ and M
are diffeomorphicallyequialent. If the probability of
thefutureinputsto the neuralsystemconditionedon its
statey, is notfurthersharpenetyy acquiringinformation
aboutthe previous inputsto the systemthenthereis a
structurepreservingnapbetweerthetwo systems.

Network simulations

In this paper it is taken thata language(or a sequence
of symbols)is produceddy a continuousdynamicalsys-
tem. To learnthis dynamicalis to learn the statistical
structureof thelanguage By hypothesisthis canbe ac-
complishedby embeddinghe hiddendynamicalsystem
in asecondnodelspace.To maximizepredictionof fu-
ture stateggiven presenibnesis effectively to seeksuch
an embedding.As such,it shouldbe the casethatif a
recurrenineuralnetwork is trainedon a corpusof natural
language(in the now familiar style introducedinitially
by EIman(1990))it shoulddevelop a statespacethatis
a modelof the generatingprocesof the language.One
manifestatiorof thiswould bethatsentencegudged(by
humanobserers)to be structurallysimilar, shouldalso
beclusteredn the statespaceof the neuralsystem.

To explore this hypothesisfurther, a simulationof an
idealizedneuralsystemwasperformedoy implementing
the systemof coupledequations,

%= _Yi‘f'ZWijc(Yi)‘f‘ei‘f‘ZWik'ka
]

o-o(3mr)

o) = (1+e‘ )71,

wherey; is the stateof the neuronandcanbe viewedas
representingts meansomapotential, 6; is a biasterm
andl; is externalinput. O; is the outputof the system
which"readsoff’ therecurreninetwork. Therewere120
neuronsin the recurrentnetwork. Theinput wasa 250
dimensionabit vector describedbelon. The outputwas
likewise a 250 dimensionalector For the purposeof
computersimulation,a differenceequationvasused,

YA = (1Bt + ALY wio () +Ate] +AtZWik'It<’
J



This wasobtainedby an approximationof its contin-
uous counterpart. At was a variable parametemwhich
couldbemanipulatedor £nerapproximation®f theun-
derlyingcontinuoussystem.

The data-setusedfor network learning was a cor
pus of naturallanguageamountingto over 10 million
words. Thecorpuscomprisedl4,000documentstheav-
eragdengthof eachdocumenbeingapproximately700
words. All documentsverein a plain-text anduntagged
format. They wereobtainedrom publicly availableelec-
tronic text archives on the internef. No explicit crite-
ria wereusedwhenselectingdocumenttherthanthat
cover a wide rangeof subjectmatterssuchas science,
socialscience Jiterature,childrens stories,history, law
andpolitics.

Altogether the entire corpuscontaineda vocahulary
of 115,000words. Of these,a setof 50,000accounted
for over 99% of the total numberof wordsin the cor
pus.Only the memberf this setwereusedfor training
the network, the infrequentwords having beendeleted.
Each of these50,000words was codedby being ran-
domly assignedo a uniquebit vectorof 247 zerosand
3 ones(thereareover 2.5 million possiblecombinations
to choosefrom). While this randomcoding schemein-
troducedsomespuriouscorrelationsbetweenwords, the
averagecorrelationbetweerwordswascloseto zerd.

The network was presentedvith the entire corpusas
a sequenceof words, one word at a time. The net-
work wastrainedto predictits future word-inputgiven
its presentword-input. The synapticweight parame-
terswereadaptedisingthe continuousversionof back-
propagtion throughtime dueto Pearlmuttei(1989). In
this procedurethe minimumof the cross-entrop objec-
tive function was soughtby calculatingthe derivatives
of this functionwith respecto eachweightparametent
eachtime "tick” At of the 50 previoustime steps.

With alearningrateparametepf .01,anda At param-
eterof .25,thenetwork wastrainedfor 46 passeshrough
the corpus.At thistime, thelearningrateparametewas
annealedo .001,andthe At parametewasloweredto .1.
Training was continuedfor anotherfve passeghrough
theentirecorpus.Theperformancef thenetwork atpre-
dicting future wordscould be adequatelyassessedsing
thea methodof ratiosbetweersquarederrors,

_ —¥)?
G

whered! is thetargetor to-be-predictedutcomefor neu-
roni attimet. Thedenominatoof thisratio speci£eshe
sumsquaredifferencedetweerthetargetoutcomeand
thetargetat the previous step. This ratio is usefulasthe
bestpredictiona random-valk model can make would

6The main sourcesof the electronictexts were, Project
Gutenbeg, the Etext Archives,andarchies.og.

7A morevalid distributed codebasedthe actualorthogra-
phy of Englishwordshasbeenusedby the authorin previous
simulations put thesewill bereportedhere.

beto predictthe samevaluefor thefuture asis obtained
at the present. Thus, if theratio is greaterthan 1.0 the
network is performingworsethana chancemodel. At

valueslessthe 1.0,thenetwork is performingbetterthan
achancemodel. A valueapproaching, would indicate
perfectpredictve accurag.

Onthe£nal passthroughthe corpus the meanperfor
manceratiofor thetrainingdatawas.4767.Furthermore,
avalidationsetwhichcomprisedL000unseemocuments
was prepared. The meanperformanceratio on this set
was.4989. Thesevaluesindicatesubstantiapredictive
performanceandgeneralizatiorabilities by the network.
They comparevery favorably to meanperformancea-
tios usuallyobtainedin non-lineartime seriesprediction
tasks(Weigend& Gershenfeld 993).

Discriminant function analysis

If aneuralnetwork learnsthe statisticalstructureof the
language, its statespaceshouldhave topologicalorga-
nization basedon a similarity principle. For example,
sentenceghat are similar in contentshould clusterin
compactneighborhoodsf the statespace.An ideal ex-
perimentaltestof this would be to have reliablehuman
judgesclassify a large setof sentence®n the basisof
their content,andthento comparethis with a network’s
classiEcatiorof the samesetof sentencesTo the extent
thatthenetwork’s classifEcationarecloseto thoseof hu-
man judges,the network would have met a behaioral
criterionfor languagecomprehension.

To adequatelyassesgeneralizatiorabilities, a large
setof sentencesvould be required. Suchan experiment
would be laboriousto conduct. Fortunately however,
data-setsof labeled or cateyorized documents(rather
thansentencesarereadily obtainableastheseareregu-
larly usedasbenchmarkestsof text cateyorizationtech-
nigues. In the experimentconductedhere, sentences
wereextractedfrom labeleddocumentsSentencesvere
thenassignedo thesemanticlassof thedocumenfrom
which they came. For example, sentencesaken from
a documentassignedo the class’motorcycling’ would
themselesbe assignedo the semanticclass’'motorcy-
cling’. In this way, a large setof sentencesould as-
signeda plausible althoughsomeavhatlimited, interpre-
tation. The data-setsverethe Reuters-21578evswire
data-setthe 20 newsgroupsdata-sét , andthena third
setwhich was compiledfor the purposeof this experi-
mentfrom 6000document®btainedrom the Library of
Congresswyhich hadbeenpreviously classiEedy their
Dewey Decimalcatayories

An appropriatetestof the network’s representational
capacitiesvould be to assesshe probability that a sen-
tencefrom a given semanticclasswould be assigned
correctlyto that class. To do this a linear discriminant
function was usedto divide the state spaceinto (sim-
ply connectedndcorvex) sub-rgionsbasedon seman-
tic class. The discriminantfunctionis a straightforvard

8The two data sets are available on the inter
net. See http://www.cs.cmu.edu/ textlearning and
http://www research.att.contéwis



Tablel: Accuray of sentencelassifcation.

DataSet  Accuray
Library 83%
Reuters 75%
Newsgroups 69%
Mean 76%

linear transformationof the state space,suchthat the
centroidsof "training” sentencesabeledby their class
aremademaximally distantfrom oneanother The net-
work’s ability to cateyorizeby semanticclasscanbe as-
sessedor a"test” setof sentenceby assessinthe prob-
ability thatagivensentencérom acertainsemanticlass
would be correctlyassignedo that class. The measure
usedwasMahalanobiglistance This measurés approx-
imatelyproportionatto anestimateof the posteriomprob-
ability thata givensentencavill correctlyassignedo its
appropriateclass.5000sentencefrom eachof thethree
data-setvereusedin this test. Theresultsareillustrated
in Tablel.

Theseaccurayg ratesare suitably high, and in fact
comparefavorably to state-of-the-artext categorization
methodswvhich usesimilar or identicaldata-set¢Nigam,
Mccallum, Thrun & Mitchell 2000). It is reasonableo
concludefrom thisthatthe statespaceof arecurrenheu-
ral network trainedto predictword sequencebecomes
organizedon basison semanticsimilarity. Sentenceand
textsthataresemanticallysimilar areclusterednto com-
pactneighborhoodsg/hich canbediscriminatedy asim-
ple linearfunction.

Conclusion

Temporalpatternrecognitionis not astheoreticallyso-
phisticatedas its multidimensionaland static counter
part. Here,an approacho temporalpatternlearningis
introducedhatis basednrecentresultsfrom dynamical
systemgheory It is proposedhatthe reconstructiorof
the systemgeneratinga language(or symbolsequence)
is adequatdor learningthe statisticalstructureof tem-
poraldata.lt is proposedhatstate-spacesconstruction
canbecarriedoutin astraightforvardmannelin arecur
rent neuralnetwork. Resultsshawving patternrecogni-
tion of Englishsentencedy the network are provided.
Theseresultsare similar in kind to those obtainedby
Elman(1990)andin the mary works thatfollowed this
paradigm.lt is believedthatthe appropriatexplanation
of thesenow familar setsof resultsis thatthe recurrent
neuralnetwork hasreconstructedhe languagegenerat-
ing process. Sentenceshat were producedby similar
trajectoriesn the original systemsarenov modelledby
similar trajectoriesn the recurrentneuralnetwork. It is
clear however, thatthis is not a de£nitve demonstration
of state-spaceeconstructioranda moredetailedanaly-
sis of temporalpatternlearningusingformal grammars
is beingcurrentlyundertalen (Andrews 2001).
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