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Abstract

It is proposedthat learninga language(or more gener-
ally, a sequenceof symbols) is formally equivalent to
reconstructingthe state-spaceof a non-lineardynamical
system. Given this, a set of resultsfrom the study of
nonlineardynamicalsystemsmay be especiallyrelevant
for an understandingof the mechanismsunderlyinglan-
guageprocessing.Theseresultsdemonstratethat a dy-
namicalsystemcanbe reconstructedon the basisof the
datathatit emits.They imply thatwith minimal assump-
tionsthestructureof anarbitrarylanguagecanbeinferred
entirely from a corpusof data. State-Space reconstruc-
tion can implementedin a straightforward mannerin a
modelneuralsystem. Simulationsof a recurrentneural
network, trainedon a large corpusof natural language,
aredescribed.Resultsimply thatthenetwork sucessfully
recognizestemporalpatternsin this corpus.

Introduction
Complex patternrecognitionis often characterizedby
meansof a simple geometricanalogy. Any object or
patternmay be describedas a single point in a high-
dimensionalspace.For example,a squaregrayscaleim-
agethat is 256 pixels in length,may be describedasa
point in the 2562 dimensionalspaceof all possibleim-
ages. A collectionof suchimagesis a setof points in
this space.If thesepatternsarenot entirelyrandom,this
setwill residein a subspaceof lower dimensionality. To
learnthe structureof theseimages,an organismor ma-
chinemustdiscoveracompactparametricrepresentation
of this subspace.This might take theform of, for exam-
ple, £ndinga reasonablysmall setof basisvectorsthat
will spanthe subspaceandprojectingeachimageonto
thesevectors.Having donethis,eachimagecanbeclas-
si£edin termsof anew andmoremeaningfulcoordinate
system.You effectively describe’what is there’ in terms
of ’what is known’.

This geometricapproachis routinelyemployedin the
study of visual object recognition, but may easily be
extendedto a wide rangeof categorizationand classi-
£cation tasks. In almost all cases,however, the pat-
ternsunderstudyhavebeenmulti-dimensionalstatic pat-
terns. In contrast,thestudyof temporal patternrecogn-
tion usingthis or relatedapproacheshasnot beenwell-
developed. For example,one of the most widely em-
ployedtechniquesfor temporalpatternrecognition,Hid-

denMarkov Modelsare limited in their generalitydue
to their fundamentalinability to handlepatternsabove a
certaincomplexity. This absenceof generalmodelsfor
temporalpatternrecognitionis evident in the study of
humanlanguageprocessing,which traditionally hases-
chewed seriousconsiderationof statisticallearningand
patternrecognition.

This paperaimsto introducea generalframework for
thestudyof temporalpatternrecognition.This is devel-
opedin thecontext to languageprocessing,but it could
be extendedin a straightforward mannerto most other
casesof temporalpatterns.First, a generalcharacteriza-
tion of the problemof languagelearningand language
processingisproposed. Then, some recent results in
thestudyof nonlineardynamicalsystemsaredescribed.
Theseareseenasbeingespeciallyrelevantfor anunder-
standingof themechanismsunderlyingtemporalpattern
recognition,especiallywith regard to languageprocess-
ing. Finally, simulationswith a recurrentneuralnetwork
aredescribed,which suggestsuccessfulpatternrecogni-
tion of Englishsentences.

The processing of symbol sequences

A paradigmfor the study temporalpatternprocessing,
especiallylanguageprocessing,hasdevelopedas a re-
sult of the deeprelationshipbetweenformal languages
andabstractautomata(Chomsky 1963)1. Any language
(or moregenerally, any sequenceof symbols),canbede-
scribedastheproductof a particularautomaton.By this
account,learninga languageis equivalentto identifying
a particularautomatonon the basisof a sampleof the
languagethat it generates.More formally, an automa-
ton

�
is speci£edby thequadruple�����������	��

� . � and� aresetsknown asthestateandtheoutputspaces,re-

spectively. The functions � : ������ and 
 : ������
1The correspondencebetweenformal languagesand ab-

stractautomatacanbesummarizedby theso-calledChomsky
hierarchy: Classesof automatathatareincreasinglyrestrictive
versionsof the Turing machineproduceclassesof languages
describedby increasinglyrestrictivegenerativegrammars.The
regular languagesR areproducedby strictly £nite automata,
thecontext-free languagesCF areproducedby pushdown stack
automata,the context-sensitive languagesCS areproducedby
linear boundedautomataandthe recursively enumerable lan-
guagesRN areproducedby unrestrictedTuringmachines.R �
CF � CS � RN, andlikewisefor theircorrespondingautomata.



arethestate-transitionandtheoutputfunctions,respec-
tively. Beginning at time t0 andcontinuinguntil t∞, the
sentence-generator

�
constantlychangesfrom onestate

in � to the next, accordingto its state-transitionfunc-
tion � . At eachtransition,a symbol from the set � is
emitted,accordingto its outputfunction 
 .

A langagelearnerattemptsto identify the natureof
this automatonon thebasisof a sampleof the language
that it generates.That is to say, the languagelearneris
exposedto a £nite sequenceof � and from this must
attemptto identify

��� �����������	��

� . Having attained
knowledgeof

�
, the learneris saidto have full knowl-

edgeof the structureof the language.The learnerhas
the capability to produceall the sentencesof the lan-
guage,including the in£nite numberof sentencesthat
wereneverseen.Likewise,thelearnerhasthecapability
to parsethe syntacticform of any sentenceof the lan-
guage.Thisability alsoextendsto thein£nitenumberof
never-encounteredsentences.As syntacticparsingis a
necessarypreconditionfor theinterpretationof language,
it is saidthatthelanguagehasbeenlearnedonceknowl-
edgeof its grammarhasbeenattained.

While the correspondencebetweenformal languages
andautomatahasallowedtheproblemof languagelearn-
ing to be given an explicit characterization,theseau-
tomata

��� �����������	��
�� have alwaysbeentaken to be
discreteparametersystems.To continuethis paradigm
it is useful to demonstratethe correspondencebetween
generative grammarsandcontinuousaswell asdiscrete
automata.Within nonlineardynamicalsystemstheory,
thestudyof symbolic dynamics hasmadeapparentthere-
lationshipsbetweenformal languages,generative gram-
marsandcontinuousdynamicalsystems.Symbolicdy-
namicsrefersto thepracticeof coarse-codingtheambi-
entstate-spaceof a dynamicalsysteminto a £nitesetof
subspacesandassigningasymbolto each.Whenever the
systementersapartition,theassignedsymbolis emitted.
In this way, thetrajectoriesof thedynamicalsystemcan
berepresentedasstringsof symbols.Unlessthesystem
is entirelystochastic,only acertainsubsetof stringswill
occur. It can be shown that thesestringsde£nea lan-
guageandthe systemproducingthemcanbe described
by agenerative grammar(Bai-Lin & Wei-Mou1998).

The relationshipbetweenlanguages,grammarsand
dynamicalsystemshasbeenfurther describedby Tabor
(1998). In that work, and in Tabor(2000), the compu-
tationalcapacitiesof a pushdown stackautomatonwere
identi£edwith thoseof a stochasticdynamicalsystem,
basedon an iterated function system. This wasusedto
demonstratetherecognitionof context-freelanguagesby
a simple2� dimensionaldynamicalsystem. Following
Tabor’s approach,it is reasonableto proposethat any
language(or any symbol sequence)generatingprocess
maybelegitimatelydescribedasa continuous aswell as
a discrete system.Accordingly, andby keepinga strict
analogywith theautomaton

��� ��������������
�� described
above, it is possibleto introducethecorrespondingcon-
tinuoussystem,

� �
de£nedby the quadruple�"!x � y� f � g �

.

By introducing
� �

= �"!x � y� f � g � , the languagegener-
ating processis being explicitly de£nedas a nonlinear
dynamicalsystem.For example,thesystemmaybede-
scribedby asetof coupleddifferentialequations

¢xi
�

f #$!x � δ %
where !x is the system’s stateand ¢xi is a vector-£eld de-
£nedon an m-dimensionalmanifold & . δ is a unspec-
i£ed stochasticelementin the system. The language
beingproducedby this systemis a resultof the coarse-
codingfunction

y
�

g #'!x %(�
wherey is avariablerepresentingthesymbols of thelan-
guage. However, thereare still formal similarities be-
tweenthe discreteautomaton

�)� ��������������

� andits
continuouscounterpart

� �*� �'!x � y� f � g � . !x is the state-
spaceof

� �
and y is a variablerepresentingits output.

The function f : !x ��+!x describesthe stateevolution of
thesystemwhile g : !x �� y is anoutputfunction. In fact,
theonly essentialdistinctionbetween

�,� ��������������
��
and- � �"!x � y� f � g � is thatin thelattercasethestate-space
!x is continuous,ratherthandiscrete,andtheevolutionof
thesystemdescribedby f is smooth,preventingdiscon-
tinuousleapsthroughspace.

State-Space Reconstruction
A languagelearnercanbesaidto beattemptingto iden-
tify theprocessgeneratingthelanguage.If this generat-
ing processis describedasa continuousdynamicalsys-
tem,theobjective is to modelthedynamicalsystem¢x

�
f #'!x % on the basisof the languageit outputs,yt0 �/.0.0.1� yt .
Primafacie,thisproblemis widely intractable.Thesym-
bols to which the learneris exposeddo not identify the
stateof thesystem.They area productof thecomposi-
tion of two unknown andprobablynon-linearfunctions,
f andg. However, it maybefruitful to considertheanal-
ogy betweenthis problemanda moregeneralproblem
encounteredin theexperimentalanalysisof complex sys-
tems. For example,a scientistobservinga sequenceof
individual measurementsfrom a complex physical pro-
cess(e.g. a ¤uid in turbulentmotion)maybe interested
in understandingthe propertiesof the underlyingsys-
tem. In theabsenceof prior knowledgeandwithout loss
in generality, thesystemcanbe taken to bea stochastic
dynamicalsystem,whosefunctionalform is completely
unknown. The scientistmust infer its functional form
on thebasisof themeasurementdataalone. Oneof the
moreremarkableoutcomesof dynamicalsystemstheory
is thatin many generalcasesthisproblemis tractable.In
virtue of the analogy, the mannerby which this is done
mayalsoelucidatetheproblemof languagelearning.

Packard,Crutch£eld,Farmer& Shaw (1980)were£rst
to demonstratethata dynamicalsystemcouldberecon-
structedentirely on the basisof its output. They pro-
posedthatany time-seriesof quantitiesmeasuredfrom a
dynamicalsystemmaybesuf£cientto constructamodel



that preservesits essentialstructure.Takens(1981)de-
velopedandclari£edthemathematicalevidencefor this
proposal. This wasconsiderablygeneralizedby Sauer,
Yorke & Casdagli (1991), and more recently Stark,
Broomhead,Davies& Huke (1997)have extendedthese
resultsto themoregeneralcaseof stochasticdynamical
systems.

Saueretal. (1991)havesuggestedthatthefoundations
of theseideasareto befoundin differentialtopology. For
example,a seminaltheoremin this £eld(Whitney 1936)
is that any m-dimensionalmanifold & canbe mapped
by a diffeomorphism2 into Euclideanspace2 d if d 3
2m 4 1. Moreover, thesubsetof all possiblesmoothmaps
from & to 2 2m5 1 thatarealsodiffeomorphismsis both
openand densein the function space. As Saueret al.
(1991) point out a single measurementof a dynamical
systemis a mapfrom thesystem’s stateto the real line.
As such,the signi£canceof Whitney’s result is that al-
most every3 setof 2m 4 1 independentmeasurementsof
a dynamicaltaken simultaneouslyis suf£centto recon-
struct the dynamicalsystemin the measurement-space.
The manifold & andits vector-£eld ¢x areembedded in
themeasurement-space.

The morerecentresultby Takens(1981)may be un-
derstoodin in termsof this embeddingtheorem.Takens
considersthecaseof a dynamicalsystemf #'!x � δ % : &6��
& andthedelay-coordinate map, 7 : &8��92 2m5 1. This
map 7 is de£nedassimply a time-seriesof scalarmea-
surementsz

�;:
yt � yt 5 1 �/.0.0./� yt 5 2m < obtainedfrom this

system,wherey
�

g #$!x % . It is clearthat

z
�=:

yt � yt 5 1 �/.0.0.1� yt 5 2m < �>: g #0!xt %(� g ? f #0!xt %(�0.0./.1� g ? f 2m #0!xt %�� <
wheref n is thecompositionof f n-times.In otherwords,
thesequencez of 2m 4 1 measurementsy

�
g #'!x % is in fact

a function of a singlepoint or state!x of the hiddendy-
namicalsystem.Thedelay-coordinate map 7 mapseach
state !x of the hiddensystemto a point in 2 2m5 1. Tak-
ens(1981)demonstratedthatwith minimal assumptions
aboutthe hiddendynamicalsystem4 , the setof delay-
coordinate maps7 thatarealsodiffeomorphismsis both
openanddensein thespaceof maps 7 . In almost every
case,the hiddendynamicalsystemis embedded within
thedelay-coordinatemeasurementspace.

Saueret al. (1991) have considerablyelaboratedthe
Takens(1981)embeddingtheorem.They de£neboth a

2A diffeomorphism from @ to A is a one to one map,
wherethemapandits inversearediferentiable.

3Thefactthatthesetof mapsthatarealsodiffeomorphisms
is anopen subsetof thefunctionspacemeansthatany arbitrar-
ily smallperturbationof a diffeomorphismis alsoa diffeomor-
phism. The fact that the set is dense meansthat every point
in the function spaceis arbitrarily closeto a diffeomorphism.
In addition,Saueret al. (1991)have shown that almost every
mapin thefunctionspaceis adiffeomorphism,in thatthecom-
plementto this subsetis of measurezero. In otherwords,the
likelihoodof anarbitrarymapalsobeinga diffeomorphismis
probability one, or in£nitely likely.

4In particular, it is assumedthatthedynamicaldoesnotcon-
tain periodicorbits thatareexactly equalto (or exactly twice)
thesamplingrateof themeasurementfunctiony B g C�Dx E .

delaycoordinatemap 7 � : &F��92 s, wheres is aninteger
arbitrarilygreaterthan2m 4 1, andasmoothtransforma-
tion of this map,φ : 7 � ���2 2m5 1. In thespirit of Takens
(1981), Saueret al. (1991) demonstratethat the set of
thesecompositefunctionsφ ?G7 � : &H��+2 2m5 1 thatare
alsodiffeomorphismis openanddensein the function
space.

Thetheoremsof Takens(1981)andSaueretal. (1991)
applyto deterministicdynamicalsystems.Thesearesys-
temswhoseentirefutureevolutioncanbebedetermined
from preciseknowledgeof the system’s state. As real
world systemsareinevitably coupledwith sourcesof ex-
ternalnoise,thegeneralityof thesetheoremsmayseem
limited. Starketal. (1997)haveshown,however, thatthe
embeddingtheoremscanbe generalizedto a muchless
restrictedclassof stochasticdynamicalsystems. They
considera discretetime systemwhereat eachtime step
one of k different discrete-timemaps fω : &I��J& is
chosen,whereω

�
1�/.0.0.K� k. As in Takens(1981),they

de£nethe delay-coordinate map, 7 : &L��M2 2m5 1 and
show that in the stochasticsystemsunderconsideration
the setof maps 7 that arealsodiffeomorphismis open
anddensein thefunctionspace.

State-Space reconstruction in neural
systems

While theseresultsareobviously importantfor thegen-
eralproblemof nonlineartime-seriesanalysis,their rele-
vancefor theproblemof languagelearningmaybelim-
ited. Theproblemof languagelearningdoesnot£tneatly
into the scenariosconsideredby Takens(1981), Sauer
et al. (1991)andStarket al. (1997). This is primarily
dueto the fact that the outputof the languagegenerat-
ing dynamicalsystemis a sequenceof symbolsrather
thana real-valuedscalar. In addition,thestochasticsys-
temconsideredby Starket al. (1997)might not begen-
eralenoughto describethearbitrarystochasticdynami-
calsystemthatis heretakento bethelanguagegenerator.
More importantly, thesetheoremsconsiderandexplain
certainsuf£cient conditionsanddo not leadnaturallyto
a generalalgorithmicprocedurefor reconstructingstate-
space.For example,Taken’s theoremdemonstratesthat
the coordinatespaceof 2m 4 1 scalarmeasurementsis
suf£cientto embedthe generatingdynamicalsystemof
dimensionalitym. Practically, however, this just means
thatthecoordinatespaceof a£nite numberof scalarmea-
surementsis suf£cientfor theembedding.It doesnot in-
dicatehow it canbeknown thatanembeddinghasin fact
occurred. What is necessary, therefore,is an objective
function thatmaybeoptimizedto producea reconstruc-
tion of thedynamicalsystemsfrom its outputs.

Crutch£eld& Young(1989)introduceε-machinesas
a generalprocedurefor state-spacereconstruction.They
proposethat the stateof the ε-machineuniquelycorre-
spondsto thestateof adynamicalsystememitingasym-
bol sequenceif it canbeshown that its staterendersthe
futureof thesymbolsequenceconditionallyindependent
of its past. In other words, if the probability distribu-



tion over futuresequencesof symbolsis independentof
the pastsymbolsgiven the stateof the ε-machine,then
theε-machineuniquelylabelsthestateof thedynamical
systemgeneratingthesymbols.Theε-machinecanthen
betakenasamodelof theunseensymbolgeneratingdy-
namicalsystem5.

On the basisof the embeddingtheoremsand the ε-
machineof Crutch£eld& Young (1989), an objective
function for state-spacereconstructionmay be intro-
duced. The objective is to model the dynamicalsystem
f #'!x � δ % : &H��N& , andthis canbede£nedaslearninga
structure-preservingmapfrom themanifold & to a sec-
ond topologicalmodel-space O . If the probability dis-
tribution over sequencesof symbolsemittedby the dy-
namicalsystemde£nedon & is independentof its past
symbolsgiven the stateof the model-space O , then O
smoothlyanduniquelylabelsthestateof thedynamical
systemgeneratingthe symbols.The trajectoryof states
on O canthenbe taken asa modelof the unseensym-
bol generatingdynamicalsystemO . This ideamay be
illustratedby meansof aneuralsystem.

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

¢yi
� � yi 4

jP n

∑
jP 1

wi jσ # yi %Q4 Ii �

whereσ is a smoothand monotonictransferfunction,
yi is the somapotential of neuron i, resulting from a
weightedsumof its inhibitory andexcitatory inputs. I
is theexternalinput to thesystem.Clearly, thissystemis
adynamicalsystemde£nedonan-dimensionalmanifold
O . In addition,thestateof thissystem!yt atagiventime
t is a function of both its presentinput It and, through
the actionof its recurrentsynapses,the history of pre-
vious input,

:
It0 �0.0./.1� It < . In other words, the system’s

stateat any given time is a smoothfunctionof anentire
sequenceof inputs. This canberepresentedby thecor-
respondence!yt

�
ψ # It0 �/.0.0.K� It % . If thesequenceof inputs:

It0 �0./.0.1� It < representstheoutputIt
�

g #'!xt % of dynamical

5In a dynamicalsystem,theentireevolution of thesystem
is describedby its trajectoryfrom t R ∞ throught0 to t∞. The
future trajectoriesof thesystemareconditionallyindependent
of the past,given the presentstateof the system.In the ideal
caseof a deterministicandautonomoussystem,thefuturetra-
jectoryof thesystem,X S t0 T t∞ E , canin principlebedetermined
from the presentstateof the system,X C t0 E . Absoluteknowl-
edgeof thesystem’s stateX at t0 providesabsoluteknowledge
of thefuturetrajectoryX S t0 T t∞ E . No informationaboutthesys-
tem’s prior trajectoryX C t R ∞ T t0 U is necessary. In a stochastic
dynamicalsystem(where,for example,at irregular points in
time thereis coin tossof an k-sidedcoin to choosebetweenk
different set of 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 thepast.In otherwords,
thefuturetrajectoryof thesystemis stochasticallyindependent
of thepast,given thestateof thesystem.Thecaseof astochas-
tic systemcanbeseento generalizeto thecaseof a dynamical
systemdrivenby externalinput.

systemf #'!x � δ % thenit is clearthat

!yt
�

ψ # It0 �0./.0.1� It % � ψ g #V!xt0 %(� g ? f #V!xt0 %(�0./.0.1� g ? f t #V!xt0 % �
where f t is thecompositionof f t times. Thestate!y of
theneuralsystemis afunctionof thestate!x of thehidden
dynamicalsystem.

Theneuralsystem¢yi on O is adiffeomorphismof the
dynamicalsystem¢x on & , if the state !y smoothlyand
uniquely labels the state !x. If the future inputs to the
neuralsystemarestochasticallyindependentof thepast
inputs, given the state !y of the systemthen O and &
are diffeomorphicallyequivalent. If the probability of
thefutureinputsto theneuralsystem,conditionedon its
state!y, is not furthersharpenedby acquiringinformation
aboutthe previous inputs to the systemthen thereis a
structurepreservingmapbetweenthetwo systems.

Network simulations
In this paper, it is taken that a language(or a sequence
of symbols)is producedby a continuousdynamicalsys-
tem. To learn this dynamicalis to learn the statistical
structureof thelanguage.By hypothesis,this canbeac-
complishedby embeddingthehiddendynamicalsystem
in a secondmodelspace.To maximizepredictionof fu-
turestatesgivenpresentonesis effectively to seeksuch
an embedding.As such,it shouldbe the casethat if a
recurrentneuralnetwork is trainedonacorpusof natural
language(in the now familiar style introducedinitially
by Elman(1990))it shoulddevelopa statespacethat is
a modelof thegeneratingprocessof the language.One
manifestationof thiswouldbethatsentences,judged(by
humanobservers)to bestructurallysimilar, shouldalso
beclusteredin thestatespaceof theneuralsystem.

To explore this hypothesisfurther, a simulationof an
idealizedneuralsystemwasperformedby implementing
thesystemof coupledequations,

¢yi
� � yi 4 ∑

j
wi jσ # yi %Q4 θi 4 ∑

k

wikIk �

Ol
�

σ ∑
i

wli # yi �

σ # ζ % � 1 4 e W ζ W 1 �
whereyi is thestateof theneuronandcanbeviewedas
representingits meansomapotential,θi is a bias term
and Ii is external input. Ol is the outputof the system
which”readsoff” therecurrentnetwork. Therewere120
neuronsin the recurrentnetwork. The input wasa 250
dimensionalbit vector, describedbelow. Theoutputwas
likewise a 250 dimensionalvector. For the purposesof
computersimulation,adifferenceequationwasused,

yt 5 ∆t
i

� # 1 � ∆t % yt
i 4 ∆t ∑

j
wi jσ # yi %V4 ∆tθt

i 4 ∆t ∑
k

wikIt
k �



This wasobtainedby anapproximationof its contin-
uous counterpart. ∆t was a variable parameterwhich
couldbemanipulatedfor £nerapproximationsof theun-
derlyingcontinuoussystem.

The data-setused for network learning was a cor-
pus of natural languageamountingto over 10 million
words.Thecorpuscomprised14,000documents,theav-
eragelengthof eachdocumentbeingapproximately700
words.All documentswerein a plain-text anduntagged
format.They wereobtainedfrom publicly availableelec-
tronic text archives on the internet6. No explicit crite-
ria wereusedwhenselectingdocumentsotherthanthat
cover a wide rangeof subjectmatterssuchas science,
socialscience,literature,children’s stories,history, law
andpolitics.

Altogether, the entirecorpuscontaineda vocabulary
of 115,000words. Of these,a setof 50,000accounted
for over 99% of the total numberof words in the cor-
pus.Only themembersof this setwereusedfor training
the network, the infrequentwordshaving beendeleted.
Eachof these50,000words was codedby being ran-
domly assignedto a uniquebit vectorof 247 zerosand
3 ones(thereareover 2.5million possiblecombinations
to choosefrom). While this randomcodingschemein-
troducedsomespuriouscorrelationsbetweenwords,the
averagecorrelationbetweenwordswascloseto zero7.

The network waspresentedwith the entirecorpusas
a sequenceof words, one word at a time. The net-
work wastrainedto predict its future word-inputgiven
its presentword-input. The synapticweight parame-
terswereadaptedusingthecontinuousversionof back-
propagation throughtime dueto Pearlmutter(1989). In
this procedure,theminimumof thecross-entropy objec-
tive function was soughtby calculatingthe derivatives
of this functionwith respectto eachweightparameterat
eachtime ”tick” ∆t of the50previoustimesteps.

With a learningrateparameterof .01,anda∆t param-
eterof .25,thenetwork wastrainedfor 46passesthrough
thecorpus.At this time, thelearningrateparameterwas
annealedto .001,andthe∆t parameterwasloweredto .1.
Training wascontinuedfor another£ve passesthrough
theentirecorpus.Theperformanceof thenetwork atpre-
dicting futurewordscouldbeadequatelyassessedusing
theamethodof ratiosbetweensquarederrors,

Ri
� ∑t # dt

i � yt
i % 2

∑t dt
i � dt W 1

i
2 �

wheredt
i is thetargetor to-be-predictedoutcomefor neu-

ron i at time t. Thedenominatorof thisratiospeci£esthe
sumsquareddifferencesbetweenthetargetoutcomeand
thetargetat thepreviousstep.This ratio is usefulasthe
bestpredictiona random-walk model can make would

6The main sourcesof the electronic texts were, Project
Gutenberg, theEtext Archives,andarchives.org.

7A morevalid distributedcodebasedthe actualorthogra-
phy of Englishwordshasbeenusedby theauthorin previous
simulations,but thesewill bereportedhere.

beto predictthesamevaluefor thefutureasis obtained
at the present.Thus, if the ratio is greaterthan1.0 the
network is performingworsethana chancemodel. At
valueslessthe1.0,thenetwork is performingbetterthan
a chancemodel. A valueapproaching0, would indicate
perfectpredictive accuracy.

On the£nalpassthroughthecorpus,themeanperfor-
manceratiofor thetrainingdatawas.4767.Furthermore,
avalidationsetwhichcomprised1000unseendocuments
wasprepared.The meanperformanceratio on this set
was.4989. Thesevaluesindicatesubstantialpredictive
performanceandgeneralizationabilitiesby thenetwork.
They comparevery favorably to meanperformancera-
tios usuallyobtainedin non-lineartime seriesprediction
tasks(Weigend& Gershenfeld1993).

Discriminant function analysis
If a neuralnetwork learnsthe statisticalstructureof the
language, its statespaceshouldhave topologicalorga-
nization basedon a similarity principle. For example,
sentencesthat are similar in contentshould cluster in
compactneighborhoodsof thestatespace.An idealex-
perimentaltestof this would be to have reliablehuman
judgesclassify a large set of sentenceson the basisof
their content,andthento comparethis with a network’s
classi£cationof thesamesetof sentences.To theextent
thatthenetwork’sclassi£cationsarecloseto thoseof hu-
man judges,the network would have met a behavioral
criterionfor languagecomprehension.

To adequatelyassessgeneralizationabilities, a large
setof sentenceswould berequired.Suchanexperiment
would be laboriousto conduct. Fortunately, however,
data-setsof labeled or categorized documents(rather
thansentences)arereadilyobtainable,astheseareregu-
larly usedasbenchmarktestsof text categorizationtech-
niques. In the experimentconductedhere, sentences
wereextractedfrom labeleddocuments.Sentenceswere
thenassignedto thesemanticclassof thedocumentfrom
which they came. For example,sentencestaken from
a documentassignedto the class’motorcycling’ would
themselvesbe assignedto the semanticclass’motorcy-
cling’. In this way, a large set of sentencescould as-
signeda plausible,althoughsomewhat limited, interpre-
tation. The data-setswerethe Reuters-21578newswire
data-set,the 20 newsgroupsdata-set8 , andthena third
setwhich wascompiledfor the purposeof this experi-
mentfrom 6000documentsobtainedfrom theLibrary of
Congress,which hadbeenpreviously classi£edby their
Dewey Decimalcategories

An appropriatetestof the network’s representational
capacitieswould be to assesstheprobability thata sen-
tencefrom a given semanticclasswould be assigned
correctly to that class. To do this a linear discriminant
function was usedto divide the statespaceinto (sim-
ply connectedandconvex) sub-regionsbasedon seman-
tic class.Thediscriminantfunction is a straightforward

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



Table1: Accuracy of sentenceclassi£cation.

DataSet Accuracy
Library 83%
Reuters 75%

Newsgroups 69%
Mean 76%

linear transformationof the statespace,such that the
centroidsof ”training” sentenceslabeledby their class
aremademaximallydistantfrom oneanother. Thenet-
work’s ability to categorizeby semanticclasscanbeas-
sessedfor a”test” setof sentencesby assessingtheprob-
ability thatagivensentencefrom acertainsemanticclass
would be correctlyassignedto that class. The measure
usedwasMahalanobisdistance.Thismeasureis approx-
imatelyproportionalto anestimateof theposteriorprob-
ability thatagivensentencewill correctlyassignedto its
appropriateclass.5000sentencesfrom eachof thethree
data-setwereusedin this test.Theresultsareillustrated
in Table1.

Theseaccuracy ratesare suitably high, and in fact
comparefavorably to state-of-the-arttext categorization
methodswhichusesimilaror identicaldata-sets(Nigam,
Mccallum, Thrun & Mitchell 2000). It is reasonableto
concludefrom thisthatthestatespaceof arecurrentneu-
ral network trainedto predictword sequencesbecomes
organizedonbasisonsemanticsimilarity. Sentencesand
textsthataresemanticallysimilarareclusteredinto com-
pactneighborhoodswhichcanbediscriminatedbyasim-
ple linearfunction.

Conclusion
Temporalpatternrecognitionis not as theoreticallyso-
phisticatedas its multidimensionaland static counter-
part. Here,an approachto temporalpatternlearningis
introducedthatis basedonrecentresultsfrom dynamical
systemstheory. It is proposedthat thereconstructionof
the systemgeneratinga language(or symbolsequence)
is adequatefor learningthe statisticalstructureof tem-
poraldata.It is proposedthatstate-spacereconstruction
canbecarriedout in astraightforwardmannerin arecur-
rent neuralnetwork. Resultsshowing patternrecogni-
tion of Englishsentencesby the network areprovided.
Theseresultsare similar in kind to thoseobtainedby
Elman(1990)andin themany works that followed this
paradigm.It is believedthat theappropriateexplanation
of thesenow familar setsof resultsis that the recurrent
neuralnetwork hasreconstructedthe languagegenerat-
ing process. Sentencesthat were producedby similar
trajectoriesin theoriginal systemsarenow modelledby
similar trajectoriesin therecurrentneuralnetwork. It is
clear, however, thatthis is not a de£nitive demonstration
of state-spacereconstructionanda moredetailedanaly-
sis of temporalpatternlearningusingformal grammars
is beingcurrentlyundertaken(Andrews 2001).
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