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Abstract

Financialforecastingis an exampleof a signal processingoroblemwhich is chal-
lengingdueto smallsamplesizes highnoise non-stationarityandnon-linearity Neural
networks have beenvery successfuin a numberof signalprocessingpplications.We
discusdundamentalimitationsandinherentifficultieswhenusingneuralnetworksfor
the processingf high noise,small samplesizesignals.We introducea new intelligent
signalprocessingnethodwhich addressethe difficulties. The methodproposedises
corversioninto asymbolicrepresentatiomwith a self-oganizingmap,andgrammatical
inferencewith recurrenneuralnetworks. We applythemethodto thepredictionof daily
foreignexchangeaatesaddressinglifficultieswith non-stationarityoverfitting, andun-
equala priori classprobabilities,andwe find significantpredictabilityin comprehense
experimentovering 5 differentforeignexchangerates. The methodcorrectlypredicts
the directionof changefor the next daywith anerrorrateof 47.1%. The errorratere-
ducesto around40% whenrejectingexampleswherethe systemhaslow confidencan
its prediction.We shav thatthe symbolicrepresentatioaidsthe extractionof symbolic
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knowledgefrom thetrainedrecurrenneuralnetworksin theform of deterministidinite
stateautomata.Theseautomataexplain the operationof the systemandare oftenrela-
tively simple. Automatarulesrelatedto well knowvn behaior suchastrendfollowing
andmeanreversalareextracted.

1 Intr oduction

1.1 Predicting Noisy Time SeriesData

The predictionof future eventsfrom noisytime seriesdatais commonlydoneusingvarious

formsof statisticalmodels[24]. Typical neuralnetwork modelsarecloselyrelatedto statis-
tical models,and estimateBayesiana posteriori probabilitieswhengivenan appropriately
formulatedproblem[47]. Neuralnetworks have beenvery successfuin a numberof pattern
recognitionapplications.For noisy time seriesprediction,neuralnetworkstypically take a

delay embeddingf previous inputst which is mappedinto a prediction. For examplesof

thesemodelsandthe useof neuralnetworksandothermachineearningmethodsappliedto

financesee[2, 1, 46]. However, high noise, high non-stationaritytime seriespredictionis

fundamentallydifficult for thesemodels:

1. The problemof learningfrom examplesis fundamentallyill-posed,i.e. therearein-
finitely mary modelswhichfit thetrainingdatawell, but few of thesegeneralizevell.
In orderto form a moreaccuratanodel,it is desirableto useaslarge atraining setas
possible.However, for the caseof highly non-stationarydata,increasingthe size of
thetraining setresultsin moredatawith statisticsthatarelessrelevantto the taskat
handbeingusedin the creationof the model.

2. The high noise and small datasetsmake the modelsproneto overfitting. Random
correlationsbetweenthe inputsand outputscan presentgreatdifficulty. The models
typically do not explicitly addresghe temporalrelationshipof the inputs— e.g. they
donotdistinguishbetweerthosecorrelationsvhich occurin temporalorder andthose
whichdo not.

For example,z(t), z(t — 1), z(t — 2),...,z(t — N + 1) form the inputsfor a delay embeddingof the

previous N valuesof aserieq62, 52].




In our approachwe considemrecurrentneuralnetworks (RNNs). Recurrenneuralnetworks
employ feedbaclconnectiongndhave thepotentialto representertaincomputationastruc-
turesin amoreparsimoniougashion[13]. RNNsaddresshe temporalrelationshipof their
inputs by maintainingan internal state. RNNs are biasedtowardslearningpatternswhich
occurin temporalorder—i.e. they arelessproneto learningrandomcorrelationswhich do
notoccurin temporalorder

Howevertraining RNNstendsto bedifficult with high noisedata,with atendeng for long-
termdependencie® be ngylected(experimentgeportedn [9] foundatendenyg for recur
rentnetworksto take into accounshort-termdependencielsut notlong-termdependencies),
andfor the network to fall into a naive solutionsuchasalwayspredictingthe mostcommon
output.We addresshis problemby corvertingthetime serieanto asequencef symbolsus-
ing a self-olganizingmap(SOM). The problemthenbecome®neof grammaticalnference
— the predictionof a given quantityfrom a sequencef symbols. It is thenpossibleto take
advantageof theknown capabilitiesof recurrenineuralnetworksto learngrammarg22, 63]
in orderto captureary predictabilityin the evolution of the series.

The useof a recurrentneuralnetwork is significantfor two reasons:firstly, the temporal
relationshipof the seriesis explicitly modeledvia internal statesandsecondlyit is possi-
ble to extract rulesfrom the trainedrecurrentnetworks in the form of deterministicfinite
stateautomatg44]?. The symboliccorversionis significantfor a numberof reasonsthe
guantizatioreffectively filters thedataor reduceghenoise the RNN trainingbecomesnore
effective,andthe symbolicinputfacilitatesthe extractionof rulesfrom thetrainednetworks.
Furthermorejt canbe amguedthatthe instantiationof rulesfrom predictorsnot only gives
theuserconfidencan the predictionmodelbut facilitatesthe useof the modelandcanlead
to adeepenunderstandingf the procesg54].

Financialtime seriesdatatypically containshigh noiseandsignificantnon-stationarity In
this paper the noisy timesseriespredictionproblemconsidereds the predictionof foreign
exchangerates.A brief overview of foreignexchangeratesis presentedh the next section.

°Rulescanalsobe extractedfrom feedforwardnetworks[25, 41, 56, 4, 49, 29], andothertypesof recurrent
neuralnetworks[20] howevertherecurreninetwork approactanddeterministidinite stateautomataextraction
seemparticularlysuitablefor atime seriesproblem.



1.2 ForeignExchangeRates

The foreign exchangemarket asof 1997is theworld’s largestmarket, with morethan$US
1.3trillion changinghandsevery day The mostimportantcurrenciesn the market arethe
US dollar (which actsas a referencecurreng), the Japanes&’en, the British Pound,the
GermanMark, andthe SwissFranc[37]. Foreignexchangeratesexhibit very high noise,
and significantnon-stationarity Many financialinstitutionsevaluatepredictionalgorithms
using the percentagef timesthat the algorithm predictsthe right trend from today until

sometime in the future [37]. Hencethis paperconsiderghe predictionof the directionof

changan foreignexchangeatesfor the next businesslay.

The remainderof this paperis organizedas follows: section2 describeshe datasetwe
have used,section3 discussesundamentaissuessuchasill-posed problems the curseof
dimensionality and vector spaceassumptionsandsection4 discusseshe efficient market
hypothesisandpredictionmodels.Section5 detailsthe systemwe have usedfor prediction.
Comprehensietestresultsarecontainedn section6, andsection7 considerghe extraction
of symbolicdata. Section8 provides concludingremarks,and Appendix A providesfull

simulationdetails.

2 ExchangeRate Data

The datawe have usedis publicly availableathttp://www.stern.nyu.edu/~aweigend/
Time-Series/SantaFe.html. It wasfirst usedby Weigendetal. [61]. The dataconsists
of daily closingbids for five currencie{GermanMark (DM), Japanes&en, SwissFranc,
British Pound,andCanadiarDollar) with respecto the US Dollar andis from the Monetary
Yearbookof the ChicagoMercantile Exchange. Thereare 3645 datapoints for eachex-
changeatecoveringthe periodSeptembe8, 1973to May 18,1987.In contrasto Weigend
etal., thiswork considergshe predictionof all five exchangeratesin the dataandprediction
for all daysof theweekinsteadof just Mondays.



3 Fundamental Issues

This sectionbriefly discussesundamentalssuegelatedto learningby exampleusingtech-
niquessuchasmulti-layer perceptrong§MLPSs): ill-posedproblemsthe curseof dimension-
ality, andvectorspaceassumptionsThesehelpform the motivationfor our nev method.

The problemof inferring an underlyingprobability distribution from a finite setof datais
fundamentallyan ill-posed problembecausehere are infinitely mary solutions[30], i.e.
thereareinfinitely mary functionswhich fit the training dataexactly but differ in otherre-
gionsof theinputspace The problembecomesvell-posedonly whenadditionalconstraints
areused.For example theconstrainthatalimited sizeMLP will beusedmightbeimposed.
In this case theremay be a uniquesolutionwhich bestfits the datafrom the rangeof solu-
tionswhich the modelcanrepresent.The implicit assumptiorbehindthis constraintis that
the underlyingtargetfunctionis “smooth”. Smoothnessonstraintsarecommonlyusedby
learningalgorithmg[17]. Withoutsmoothnessr someotherconstraintthereis noreasorto
expectamodelto performwell on unseennputs(i.e. generalizevell).

Learningby exampleoften operatesn a vectorspacej.e. afunction mappingR” to R™
is approximated However, a problemwith vectorspacess thatthe representatiodoesnot
reflectarny additionalstructurewithin the data. Measurementthat arerelated(e.g. from
neighboringpixelsin animageor neighboringime stepsn atime seriesandmeasurements
that do not have sucha relationshipare treatedequally Theserelationshipscanonly be
inferredin a statisticalmannerfrom thetrainingexamples.

The useof a recurrentneuralnetwork insteadof an MLP with a window of time delayed
inputsintroducesanotherassumptiorby explicitly addressinghe temporalrelationshipof
theinputsvia the maintenancef aninternalstate.This canbe seenassimilar to the useof
hints[3] andshouldhelpto make the problemlessill-posed.

Thecurseof dimensionalityrefersto the exponentialgrowth of hypenolumeasafunctionof
dimensionality[8]. Considerx; € R". Theregressiony = f(x) is ahypersurhcein R™*',
If f(x) is arbitrarily complex andunknowvn thendensesamplesarerequiredto approximate
the function accurately However, it is hardto obtaindensesamplesn high dimensiong,

3Kolmogoros'stheoremshaws thatary continuoustunctionof n dimensionsanbe completelycharacter
izedby a onedimensionatontinuoudunction. Specifically Kolmogoro/’ stheorem 33, 34, 35, 18] stateghat
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This is the “curse of dimensionality”[8, 17, 18]. The relationshipbetweenthe sampling
densityandthenumberof pointsrequiredis = Nx [18] wheren is thedimensionalityof the
input spaceand N is the numberof points. Thus,if N; is the numberof pointsfor a given
samplingdensityin 1 dimensionthenin orderto keepthesamedensityasthedimensionality
is increasedthe numberof pointsmustincreaseaccordingo N

It hasbeensuggestedhat MLPs do not suffer from the curseof dimensionality[16, 7].
However, thisis nottruein generalalthoughMLPs maycopebetterthanothermodels).The
apparentvoidanceof the curseof dimensionalityin [7] is dueto the factthatthe function
spacesconsideredare more and more constrainedas the input dimensionincreaseg34].
Similarly, smoothnessonditionsmustbe satisfiedfor the resultsof [16].

The useof a recurrentneuralnetwork is importantfrom the viewpoint of the curseof di-

mensionalitybecauseéhe RNN cantake into accountgreaterhistory of the input. Trying to

take into accountgreaterhistory with an MLP by increasingthe numberof delayedinputs
resultsin anincreasen the input dimension. This is problematic,giventhe small number
of datapointsavailable. The useof a self-oganizingmapfor the symbolic corversionis

alsoimportantfrom the viewpoint of the curseof dimensionality As will be seenlater, the
topographicabrderof the SOM allows encodinga onedimensionaSOM into a singleinput
for the RNN.

for any continuoudfunction:
2n+1 n
j=1 i=1

where {\;}7 are universal constantsthat do not dependon f, {Q;}i"*" are universal transformations
which do not dependon f, andg(u) is a continuousone-dimensionalunction which totally characterizes
f(x1,22,...,2,) (95 is typically highly non-smooth)In otherwords,for ary continuousunctionof n argu-
ments,thereis a onedimensionakontinuousunctionthatcompletelycharacterizeghe original function. As
such,it canbeseerthattheproblemis not somuchthe dimensionalitybut the complexity of thefunction[18],
i.e. thecurseof dimensionalityessentiallysaysthatin high dimensionsasfewer datapointsareavailable,the
targetfunctionhasto be simplerin orderto learnit accuratelyfrom thegivendata.
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4 The Efficient Mark et Hypothesis

The Efficient Market Hypothesis(EMH) was developedin 1965by E. Fama[14, 15] and
foundbroadacceptancen thefinancialcommunity[39, 58,5]. TheEMH, in its weakform,

assertghatthe price of anasseteflectsall of theinformationthatcanbe obtainedfrom past
pricesof the assetj.e. the movementof the price is unpredictable.The bestpredictionfor

a priceis the currentprice andthe actualpricesfollow whatis calleda randomwalk. The

EMH is basedntheassumptiorthatall newvsis promptlyincorporatedn prices;sincenens

is unpredictablgby definition), pricesare unpredictable.Much effort hasbeenexpended
trying to prove or disprove the EMH. Currentopinionis thatthe theoryhasbeendisproved

[53, 28], andmuchevidencesuggestshatthe capitalmarketsarenot efficient [40, 38].

If the EMH wastrue, then a financial seriescould be modeledas the addition of a noise
componenateachstep:

z(k+1) = z(k) + e(k) (2)
wheree(k) is azeromeanGaussiarvariablewith variances. Thebestestimationis:
z(k+1) = z(k) (3)

In otherwords,if the seriesis truly arandomwalk, thenthe bestestimatefor the next time
period is equalto the currentestimate. Now, if it is assumedhat thereis a predictable
componenbf the seriesthenit is possibleto use:

z(k+1)=xz(k)+ f(z(k),z(k =1),... ,x(k —n+1)) + e(k) 4)

wheree(k) isazeromeanGaussiawvariablewith variances, andf(-) isanon-linearffunction
in its agumentsn this casethe bestestimateas givenby:

2(k+1)=z(k) + f(z(k),z(k=1),... ,2(k —n+1)) (5)

Predictionusingthis modelis problematicasthe seriesoften containsa trend. For example,
aneuralnetwork trainedon sectionA in figure 1 haslittle chanceof generalizingo thetest
datain sectionB, becausehe modelwasnot trainedwith datain the rangecoveredby that
section.
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Figurel. An exampleof thedifficulty in usinga modeltrainedon araw price series.Generalization
to sectionB from the training datain sectionA is difficult becausehe modelhasnot beentrained
with inputsin therangecoveredby sectionB.

A commonsolutionto this is to usea modelwhich is basedon the first orderdifferences
(equation7) insteadof theraw time serieqg24]:

d(k+1)=f(0(k),0(k—1),...,6(k—n+1))+v(k) (6)

where
S(k+1) 2 z(k+1) — z(k) )
andv(k) is azeromeanGaussiarvariablewith variances. In this casethe bestestimates:

N

§(k+1) = F6(k),8(k —1),...,6(k —n+1) 8)

5 SystemDetails

A high-level block diagramof the systemusedis shown in figure 2. The raw time series
valuesarey(k), k = 1,2,..., N wherey(k) € R. Thesedenotethedaily closingbidsof the
financialtime series.Thefirst differenceof theseriesy(k), is takenasfollows:

6(k) =y(k) —y(k—1) (9)
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Figure2. A high-level block diagramof the systemused.

Thisproduces(k), 6(k) € R,k =1,2,..., N — 1. In orderto compresshedynamicrange
of the seriesandreducethe effect of outliers,alog transformatiorof the datais used:

z(k) = sign(6(k))(log(|6(k)| + 1)) (10)

resultingin z(k),k = 1,2,...,N — 1, (k) € R. Asis usual,a delayembeddingof this
seriess thenconsidered62]:

X(k,d,) = (z(k),z(k —1),z(k —2),...,2x(k —d, + 1)) (11)

whered, isthedelayembeddinglimensiorandis equalto 1 or 2 for theexperimentseported
here.X(k, d,) is a statevector This delayembeddingormstheinputto the SOM. Hence,
the SOM input is a vector of the last d; valuesof the log transformeddifferencedtime
series.Theoutputof the SOM is thetopographicalocationof thewinning node.Eachnode
represent®nesymbolin the resultinggrammaticainferenceproblem. A brief description
of the self-oilganizingmapis containedn the next section.

The SOM canberepresentedly thefollowing equation:
S(k) = g(X(k, d)) (12)

whereS(k) € [1,2,3,...n,], andn, is the numberof symbols(nodes)for the SOM. Each
nodein the SOM hasbeenassignednintegerindex rangingfrom 1 to the numberof nodes.

An Elmanrecurrenieuralnetwork is thenused whichis trainedon the sequencef outputs
from the SOM. The Elman network was chosenbecauset is suitablefor the problem (a

4Elmanrefersto the topologyof the network — full backpropagatiothroughtime wasusedasopposedo
thetruncatedversionusedby Elman.



grammaticainferencestyle problem)[13], andbecauseat hasbeenshown to performwell
in comparisorto otherrecurrentarchitecturege.g.see[36]). The ElImanneuralnetwork has
feedbackrom eachof the hiddennodesto all of the hiddennodesasshown in figure 3. For
the EImannetwork:

O(k+1)=C"z +c (13)
and
Zp = Fnh (AZk,1 + Buk + b) (14)

whereC is an; x n, vectorrepresentinghe weightsfrom the hiddenlayer to the output
nodesj, is the numberof hiddennodesy, is the numberof outputnodesc, is a constant
biasvector z;, z, € R™, is ann;, x 1 vector denotingthe outputsof the hiddenlayer
neuronsuy isad, x 1 vectorasfollows, whered, is theembeddinglimensionusedfor the
recurrenineuralnetwork:

w=| Sk-2) (15)

A andB arematricesof appropriatedimensionsvhich representhefeedbackwveightsfrom
the hiddennodesto the hiddennodesand the weightsfrom the input layer to the hidden
layerrespectiely. F,, is an, x 1 vectorcontainingthe sigmoidfunctions.b is ann, x 1
vector denotingthebiasof eachhiddenlayerneuron.O(k) isan, x 1 vectorcontainingthe
outputsof the network. n, is 2 throughoutthis paper The first outputis trainedto predict
the probability of a positive changethe secondutputis trainedto predictthe probability of
anegative change.

Thus,for thecompletesystem:
O(k+1)=Fi(6(k),0(k—1),6(k—2),0(k—3),6(k—4)) (16)
which canbe consideredn termsof the original series:

O(k+1) = Fp(y(k),y(k = 1), y(k = 2),y(k = 3),y(k — 4),y(k = 5)) (17)
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Figure3. Thepre-processedielayembeddederiess corvertedinto symbolsusingaself-oiganizing
map.An ElImanneuralnetwork is trainedon the sequencef symbols.
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Notethatthisis nota staticmappingdueto thedependencen the hiddenstateof therecur
rentneuralnetwork.

Thefollowing sectionsdescribehe self-oiganizingmap,recurrentnetwork grammaticaln-
ferencedealingwith non-stationaritycontrollingoverfitting,a priori classprobabilitiesand
amethodfor comparisorwith arandomwalk.

5.1 The Self-Organizing Map
5.1.1 Intr oduction

Theself-olganizingmap,or SOM[32] is anunsupervisetearningprocessvhich learnsthe
distribution of a setof patternswithout ary classinformation. A patternis projectedfrom a
possiblyhigh dimensionalnput spaceS to a positionin themap,alow dimensionatisplay
spaceD. ThedisplayspaceD is oftendividedinto a grid andeachintersectionof the grid
is representedh the network by a neuron. The informationis encodedasthe location of
anactivatedneuron.The SOM is unlike mostclassificationor clusteringtechniquesn that
it attemptsto presere the topologicalorderingof the classesn the input spaceS in the
resultingdisplayspaceD. In otherwords,for similarity asmeasuredisinga metricin the
inputspaceS, the SOM attemptgo presere the similarity in thedisplayspaceD.

5.1.2 Algorithm

We give a brief descriptionof the SOM algorithm, for more detailssee[32]. The SOM

definesamappingfrom aninputspaceR™ ontoatopologicallyorderedsetof nodesusually
in a lower dimensionalspaceD. A referencevector m; = [u, piz, --., in]. € R", IS

assignedo eachnodein the SOM. Assumethatthereare M nodes.During training, each
input, z € R"™, is comparedo m;, i = 1,2,..., M, obtainingthe locationof the closest
match(||z — m.|| = min;{||z — m;||}). Theinput pointis mappedo this locationin the

SOM. Nodesin the SOM areupdatedaccordingto:

m;i(t + 1) = my(t) + hei(t)[z(t) — m4i(2)] (18)
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wheret is the time during learningand h;(t) is the neighborhoodfunction a smoothing
kernelwhichis maximumatm,.. Usually, h.;(t) = h(||r. — 74|, t), wherer, andr; represent
the locationsof nodesin the SOM outputspaceD. r. is the nodewith the closestweight
vectorto the input sampleandr; rangesover all nodes. h.;(t) approache® as||r. — |
increasesndalsoast approacheso. A widely appliedneighborhoodunctionis:

P/
hes = a(t) exp (—%) (19)

wherea(t) is a scalarvaluedlearningrateando(t) definesthe width of the kernel. They
are generallyboth monotonicallydecreasingvith time [32]. The useof the neighborhood
functionmeanghatnodeswhich aretopographicallyclosein the SOM structurearemoved
towardstheinputpatternalongwith thewinning node.This createa smoothingeffectwhich
leadsto aglobalorderingof themap.Notethato (¢) shouldnotbereducedoo farasthemap
will loseits topographicabrderif neighboringnodesarenot updatedalongwith the closest
node. The SOM canbe considered non-linearprojectionof the probability density,p(z),
of theinput patternse ontoa (typically) smalleroutputspacd32].

5.1.3 Remarks

The nodesin thedisplayspaceD encodethe informationcontainedn theinput spaceR™.
Sincethereare M nodesin D, this impliesthatthe input patternvectorsz € R™ aretrans-
formedto a setof M symbols,while preservingtheir original topologicalorderingin R"™.
Thus,if theoriginal input patternsarehighly noisy, the quantizationinto the setof M sym-
bols while preservingthe original topologicalorderingcan be understoocasa form of fil-
tering. Theamountof filtering is controlledby M. If M is large, this impliesthereis little
reductionin thenoisecontentof theresultingsymbols.Ontheotherhand,if A is small,this
impliesthatthereis a“heavy” filtering effect, resultingin only a smallnumberof symbols.

5.2 Recurrent Network Prediction

In the pastfew yearsseveral recurrentneuralnetwork architecturehave emeged which
have beenusedfor grammaticainference[10, 23, 21]. Theinductionof relatively simple
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grammardasbeenaddressedften—e.g.[59, 60, 21] onlearningTomitagrammarg55]. It
hasbeenshownn thata particularclassof recurreninetworksare Turing equivalent[50].

Thesetof M symbolsfrom the outputof the SOM arelinearly encodednto a singleinput
for the EImannetwork (e.g. if M = 3, the singleinputis either-1, 0, or 1). Thelinear
encodings importantandis justified by thetopographicabrderof the symbols.If no order
wasdefinedoverthesymbolsthenaseparaténput shouldbeusedfor eachsymbol,resulting
in asystemwith moredimensionsandincreasedlifficulty dueto thecurseof dimensionality
In orderto facilitatethe training of the recurrentnetwork, aninput window of 3 wasused,
i.e. thelastthreesymbolsarepresentedo 3 input neuronsof therecurrentneuralnetwork.

5.3 Dealingwith Non-stationarity

The approachusedto deal with the non-stationarityof the signalin this work is to build
modelsbasedon a shorttime periodonly. Thisis anintuitively appealingapproactbecause
onewould expectthatary inefficienciesfound in the market would typically not lastfor a
long time. Thedifficulty with this approachs thereductionin the alreadysmall numberof
trainingdatapoints. The sizeof thetraining setcontrolsa noisevs. non-stationaritytradeof
[42]. If thetraining setis too small, the noisemalkesit harderto estimatethe appropriate
mapping.If thetrainingsetis too large, the non-stationarityof the datawill meanmoredata
with statisticghatarelessrelevantfor thetaskathandwill beusedfor creatingtheestimator
We rantestson a segmentof dataseparatérom the maintests,from which we choseto use
modelstrainedon 100 daysof data(seeappendixA for moredetails). After training, each
modelis testedon the next 30 daysof data. The entiretraining/testsetwindow is moved
forward 30 daysandthe processs repeatedasdepictedin figure 4. In areal-life situation
it would be desirableto testonly for the next day, andadvancethewindows by stepsof one
day However, 30 daysis usedherein orderto reducetheamountof computatiorby afactor
of 30, and enablea much larger numberof teststo be performed(i.e. 30 timesasmary
predictionsaremadefrom the samenumberof trainingruns),therebyincreasingconfidence
in theresults.

14
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Figure4. A depictionof thetrainingandtestsetsused.

5.4 Controlling Overfitting

Highly noisy datahasoften beenaddressedisingtechniquesuchasweightdecay weight
elimination and early stoppingto control overfitting [61]. For this problemwe useearly
stoppingwith a difference:the stoppingpoint is chosenusingmultiple testson a separate
seggmentof data,ratherthanusinga validationsetin the normalmanner Testsshoved that
usingavalidationsetin the normalmannerseriouslyaffectedperformanceThisis notvery
surprisingbecausedhereis a dilemmawhen choosingthe validationset. If the validation
setis chosenbeforethe training data(in termsof the temporalorder of the series),then
the non-stationarityof the seriesmeanghe validationsetmay be of little usefor predicting
performanceon thetestset. If the validationsetis choserafterthetraining data,a problem
occursagainwith the non-stationarity- it is desirableto make the validationsetassmall
aspossibleto alleviate this problem,however the setcannotbe madetoo small becauset
needsto be a certainsizein orderto make the resultsstatisticallyvalid. Hence,we chose
to control overfitting by settingthe trainingtime for an appropriatestoppingpoint a priori.
Simulationswith a separatesegmentof datanot containedn the maindata(seeappendixA
for moredetails)wereusedto selectthetrainingtime of 500epochs.

We notethatour useof aseparatsegmentof datato selectrainingsetsizeandtrainingtime
arenot expectedto beidealsolutions,e.g. the bestchoicefor theseparametersnay change
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significantlyovertime dueto the non-stationarityof the series.

5.5 A Priori Data Probabilities

For somefinancial datasets,it is possibleto obtaingood resultsby simply predictingthe
mostcommonchangen thetraining data(e.g. noticingthatthe changen pricesis positive
more oftenthanit is negative in the training setand always predictingpositive for the test
set). Although predictability dueto suchdatabias may be worthwhile, it can preventthe
discovery of a bettersolution. Figure5 shaws a simplified depictionof the problem—if the
nawve solution, A, hasa bettermeansquarederror thana randomsolutionthenit may be
hardto find a bettersolution, e.g. B. This may be particularly problematicfor high noise
dataalthoughthetrue natureof the errorsurfaceis notyet well understood.

Error B A

Weight Parameter

Figure5. A depictionof a simplified error surfaceif a naive solution, A, performswell. A better
solution,e.g. B, maybedifficult to find.

Hence,in all resultsreportedherethe modelshave beenpreventedfrom actingon ary such
biasby ensuringthatthe numberof training examplesfor the positve andnegative casess
equal.Thetrainingsetactuallyremainsunchangedothatthetemporalorderis notdisturbed
but thereis no training signalfor the appropriatenumberof positive or negative examples
startingfrom the beginning of the series.The numberof positive andnegative examplesis
typically approximatelyequalto begin with, thereforethe useof this simpletechniquedid
notresultin thelossof mary datapoints.

5.6 Comparisonwith a Random Walk

The predictioncorrespondindo the randomwalk modelis equalto the currentprice, i.e.
no change. A percentagef timesthe model predictsthe correctchange(apartfrom no
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change)annotbe obtainedfor therandomwalk model. However, it is possibleto usemod-

elswith datathat correspondso a randomwalk andcomparethe resultsto thoseobtained
with therealdata.lf equalperformances obtainedontherandomwalk dataascomparedo

the real datathenno significantpredictabilityhasbeenfound. Thesetestswere performed
by randomizingthe classificationof the testset. For eachoriginal testsetfive randomized
versionswere created. The randomizedversionswere createdby repeatedlyselectingtwo

randompositionsin time and swappingthe two classificationvalues(the input valuesre-

main unchanged).An additionalbenefitof this techniqueis that if the modelis shaving

predictabilitybasedon any databias(asdiscussedn the previous section)thenthe results
ontherandomizedestsetswill alsoshaw this predictability i.e. alwayspredictinga positive

changewill resultin thesameperformancen the original andtherandomizedestsets.

6 Experimental Results

We presentresultsusingthe previously describedsystemandalternatve systemdor com-
parison. In all casesthe Elmannetworks containedS hiddenunits andthe SOM hadone
dimension. Furtherdetailsof the individual simulationscanbe found in appendixA. Fig-
ure 6 andtablel shavs the averageerrorrateasthe numberof nodesin the self-oiganizing
map(SOM) wasincreasedrom 2 to 7. Resultsareshavn for SOM embeddinglimensions
of 1 and2. Resultsare shovn using both the original dataand the randomizeddatafor
comparisorwith a randomwalk. The resultsare averagedover the 5 exchangerateswith
30 simulationsper exchangerate and 30 testpoints per simulation,for a total of 4500test
points. The bestperformancevasobtainedwith a SOM size of 7 nodesandanembedding
dimensionof 2 wherethe errorratewas47.1%. A t-testindicatesthatthis resultis signifi-
cantlydifferentfrom the null hypothesiof therandomizedestsetsatp = 0.0076 or 0.76%
(t = 2.67) indicating that the resultis significant. We also considereda null hypothesis
correspondingo a modelwhich makescompletelyrandompredictions(correspondingo a
randomwalk) — the resultis significantly differentfrom this null hypothesisatp = 0.0054
or 0.54%(t = 2.80). Figure7 andtable2 shows the averageresultsfor the SOM sizeof 7
ontheindividual exchangerates.

In orderto gaugethe effectivenessof the symbolicencodingandrecurrentneuralnetwork,
we investigatedhefollowing two systems:
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Figure6. The error rate asthe numberof nodesin the SOM is increasedor SOM embeddingdi-
mensionof 1 and2. Eachof the resultsrepresentshe averageover the 5 individual seriesandthe
30 simulationsper series,i.e. over 150 simulationswhich tested30 pointseach,or 4500individual
classificationsTheresultsfor therandomizederiesareaveragedverthe samevalueswith the5 ran-
domizedseriesper simulation,for atotal of 22500classificationgperresult(all of the dataavailable
wasnotuseddueto limited computationatesources).

1. The systemas presentecherewithout the symbolic encoding,i.e. the preprocessed
datais enteredirectly into therecurrentneuralnetwork withoutthe SOM stage.

2. Thesystemaspresentedherewith therecurreninetwork replacedoy a standardMLP
network.

Tables3 and4 show theresultsfor systemsdl and2 above. Theperformancef thesesystems
canbeseerto bein-betweerthe performancef thenull hypothesiof arandomwalk andthe

performanceof the hybrid systemjndicatingthatthe hybrid systemcanresultin significant
improvement.
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SOM embeddinglimension:1

SOMsize 2 3 4 5 6 7
Error 48.5| 47.5| 48.3| 48.3| 48.5| 47.6
Randomizeckrror | 50.1| 50.5| 50.4| 50.2| 49.8| 50.3

SOM embeddinglimension:2

SOMsize 2 3 4 5 6 7
Error 48.8| 47.8|47.9| 47.7|47.6| 47.1
Randomizecerror | 49.8| 50.4| 50.4| 50.1| 49.7| 50.2

Tablel. Theresultsasshavn in figure 6.

54
53 | Embedding dimension +——
Embedding dimension 2-->----
521 Randomized embedding dimension-1 -
51

50
49
48
47 ¢
46
45 ' ' ' ' '

Test Error %

Exchange Rate

Figure7. Averageresultsfor the five exchangeratesusingthe realtestdataandthe randomizedest
data.The SOMsizeis 7 andtheresultsfor SOM embeddinglimensionf 1 and2 areshawvn.

6.1 RejectPerformance

We usedthe following equationin orderto calculatea confidencemeasurdor every pre-
diction: v = Ymaz (Ymaz — Ymin) WheErey,q, is the maximumoutput,andy,,;, is the min-
imum output (for outputswhich have beentransformedusingthe softmaxtransformation:
Y = % whereu; arethe original outputs,y; arethetransformedutputs,andk is
the numberof outputs).The confidencemeasurey givesanindicationof how confidentthe
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Exchange British | Canadian German| Japanese Swiss

Rate Pound| Dollar Mark Yen Frank
Embeddingdimensionl 48.5 46.9 46 47.7 48.9
Embeddingdimension2 48.1 46.8 46.9 46.3 47.4

Randomizecembeddinglimensionl | 50.1 50.5 50.4 49.8 50.7
Randomizecembeddinglimension2 | 50.2 50.6 50.5 49.7 49.8

Table2. Resultsasshawvn in figure 7.

Error 495
Randomizedkrror | 50.1

Table3. The resultsfor the systemwithout the symbolic encoding,i.e. the preprocessedatais
entereddirectly into therecurrentneuralnetwork without the SOM stage.

SOM embeddinglimension:1

SOMsize 2 3 4 5 6 7
Error 49.1| 49.4| 49.3| 49.7| 49.9| 49.8
Randomizeckrror | 49.7| 50.1| 49.9| 50.3| 50.0| 49.9

Table4. Theresultsfor the systemusingan MLP insteadof the RNN.

network modelis for eachclassification.Thus,for afixedvalueof v, the predictionobtained
by a particularalgorithmcanbe dividedinto two sets,onesetB for thosebelow thethresh-
old, andanotherset.A for thoseabove thethreshold.We canthenrejectthosepointswhich
arein setB, i.e. they arenot usedin the computatiorof the classificatioraccurag.

Figure8 shavstheclassificatiorperformancef the system(percentagef correctsignpre-
dictions)asthe confidencehresholds increasecandmoreexamplesarerejectedfor classi-
fication. Figure9 shavs the samegraphfor therandomizedestsets. It canbe seenthata
significantincreasdan performancgdown to approximately40% error) canbe obtainedby
only consideringhe5-15%of exampleswith the highestconfidenceThis benefitcannotbe
seenfor therandomizedestsets.It shouldbe notedthatby the time 95% of testpointsare
rejectedthetotal numberof remainingtestpointsis only 225.
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Figure 8. Classificationperformanceas the confidencethresholdis increased. This graphis the
averageof the150individual results.
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Figure9. Classificatiorperformancesthe confidencahresholds increasedor therandomizedest
sets.This graphis the averageof theindividual randomizedestsets.

7 Automata Extraction

A commoncomplaintwith neuralnetworks is that the modelsare difficult to interpret—
i.e. it is not clearhow the modelsarrive at the predictionor classificationof a giveninput
pattern49]. A numberof peoplehave consideredheextractionof symbolicknowledgefrom
trainedneuralnetworksfor bothfeedforwardandrecurrenineuralnetworks[12, 44, 57,44].
For recurreninetworks, theorderedriple of adiscreteMarkov procesg{state;input— next
statg) canbe extractedand usedto form an equivalentdeterministicfinite stateautomata
(DFA). This canbe doneby clusteringthe activation valuesof the recurrentstateneurons
[44]. The automataextractedwith this processanonly recognizeregulargrammars.

SA regular grammarG is a 4-tupleG = {S, N, T, P} whereS is the start symbol, N and T are non-
terminalandterminalsymbols,respectiely, and P representproductionsof theform A — a or A — aB
whereA, B € N anda € T.
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The algorithmusedfor automataextractionis the sameasthat describedn [21]. Theal-
gorithmis basedon the obsenation that the activationsof the recurrentstateneuronsin a
trainednetwork tendto cluster The outputof eachof the NV stateneuronsis divided into
q intervals of equalsize,yielding ¢V partitionsin the spaceof outputsof the stateneurons.
Startingfrom aninitial state,theinput symbolsareconsideredn order If aninputsymbol
causes transitionto a new partition in the activation spacethena newv DFA stateis cre-
atedwith a correspondingdransitionon the appropriatesymbol. In the eventthat different
activation statevectorsbelongto the samepartition, the statevectorwhich first reachedhe
partitionis choserasthe new initial statefor subsequendymbols.The extractionwould be
computationallyinfeasibleif all ¢ partitionshadto be visited, but the clusterscorrespond-
ing to DFA statesoftencover a smallpercentagef theinput space.

Sampledeterministicfinite stateautomata(DFA) extractedfrom trainedfinancial predic-
tion networks usinga quantizatiorlevel of 5 canbe seenin figure 10. The DFAs have been
minimizedusingstandardninimizationtechnique$27]. TheDFAs wereextractedfrom net-
workswherethe SOM embeddingdlimensionwas1 andthe SOM sizewas?2. As expected,
the DFAs extractedin this casearerelatively simple. In all casesthe SOM symbolsend
up representingositive andnegative changesn the series- transitionsmarkedwith a solid

line correspondo positive changesandtransitionsmarked with a dottedline correspondo

negative changes.For all DFAS, statel is the startingstate. Double circled statescorre-
spondto predictionof a positive change andstateswithout the doublecircle correspondo

predictionof a negative change.(a) canbe seenascorrespondingo mean-rgerting beha-

ior —i.e. if thelastchangein the serieswas negative thenthe DFA predictsthat the next

changewill be positive andvice versa. (b) and(c) canbe seenasvariationson (a) where
thereareexceptionsto thesimplerulesof (a), e.g.in (b) a negative changecorrespond$o a
positive prediction,however aftertheinput changesrom negative to positive, the prediction
alternatesvith successie positive changesin contrastwith (a)-(c), (d)-(f) exhibit behaior

relatedto trendfollowing algorithms,e.qg. in (d) a positve changecorrespondso a positive

prediction,and a negative changecorrespondso a negative predictionexceptfor the first

negative changeafterapositive change Figure1l shavs asampleDFA for aSOM sizeof 3

—morecomplex behaior canbeseenin this case.
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Figure10. Sampledeterministicfinite stateautomatg DFA) extractedfrom trainedfinancialpredic-
tion networksusinga quantizatiorievel of 5.
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Figure 11. A sampleDFA extractedfrom a network wherethe SOM size was 3 (andthe SOM
embeddinglimensionvasl). The SOM symbolsrepresena positive (solid lines)or negative (dotted
lines) change pr a changecloseto zero(grayline). In this casetherulesaremorecomple thanthe
simplerulesin the previousfigure.
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8 Conclusions

Traditionallearningmethodshave difficulty with high noise,high non-stationaritytime se-
riesprediction. Theintelligentsignalprocessingnethodpresentedereusesa combination
of symbolicprocessingndrecurrentneuralnetworksto dealwith fundamentatifficulties.

The useof a recurrentneuralnetwork is significantfor two reasons:firstly, the temporal
relationshipof the seriess explicitly modeledvia internalstatesandsecondlyit is possible
to extractrulesfrom the trainedrecurrentetworksin the form of deterministicfinite state
automata.The symbolicconversionis significantfor a numberof reasonsthe quantization
effectively filters the dataor reduceghe noise,the RNN training becomesnore effective,

andthe symbolicinput facilitatesthe extraction of rulesfrom the trainednetworks. Con-

sideringforeignexchangerateprediction,we performeda comprehensie setof simulations
covering5 differentforeignexchangeateswhich shovedthatsignificantpredictabilitydoes
exist with a47.1%errorratein the predictionof the directionof the change.Additionally,

the error rate reducedto around40% when rejectingexampleswherethe systemhad low

confidencen its prediction. The methodfacilitatesthe extractionof ruleswhich explainthe

operationof the system.Resultsfor the problemconsiderecderearepositve andshow that
symbolicknowledgewhich hasmeaningto humanscanbe extractedfrom noisytime series
data.Suchinformationcanbevery usefulandimportantto the userof thetechnique.

We have shown that a particularrecurrentnetwork combinedwith symbolic methodscan
generateuseful predictionsandrulesfor suchpredictionson a non-stationarytime series.
It would beinterestingto comparethis approachwith otherneuralnetworksthathave been
usedin time seriesanalysig6, 31, 43,45, 48], andothermachindearningmethodq19, 51],
someof which canalsogenerateules. It would alsobeinterestingo incorporatethis model
into atradingpolicy.

Appendix A: Simulation Details

For the experimentgeportedn this papern, = 5 andn, = 2. TheRNN learningratewas
linearly reducedverthetrainingperiod(see[11] regardinglearningrateschedulesjrom an
initial valueof 0.5. All inputswerenormalizedto zeromeanandunit variance.All nodes
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includeda biasinput which waspart of the optimizationprocess.Weightswereinitialized
asshowvn in Haykin [26]. Targetoutputswere-0.8 and0.8 usingthe tanh outputactivation
function and we usedthe quadraticcost function. In orderto initialize the delaysin the
network, theRNN wasrunwithouttrainingfor 50time stepsprior to the startof thedatasets.
The numberof training examplesfor the positve and neggative caseswas madeequal by
not training on the appropriatenumberof positive or negative examplesstartingfrom the
beginningof thetrainingset(i.e. thetemporalorderof the serieds notdisturbedout thereis
notrainingsignalfor eitheranumberof positive or anumberof negative examplesstartingat
the beginning of the series). The SOM wastrainedfor 10,000iterationsusingthefollowing
learningratescheduld).5 x (1—n;/ny;) wheren; is thecurrentiterationnumberandn,; isthe
totalnumberof iterations(10,000). Theneighborhoodizewasalteredduringtrainingusing
floor(1 + ((2/3)ns — 1)(1 — n;/ny) + 0.5). Thefirst differenceddatawassplit asfollows:
Points1210to 1959 (plusthe sizeof the validationsetin the validationsetexperiments)n
eachof theexchangeateswereusedfor the selectiorof thetrainingdatasesize,thetraining
time, andexperimentatiorwith the useof a validationset. Points10to 1059in eachof the
exchangerateswere usedfor the maintests. The datafor eachsuccessie simulationwas
offsetby thesizeof thetestset,30 points,asshavn in figure4. Thenumberof pointsin the
maintestsfrom eachexchangerateis equalto 1,050whichis 50 (usedto initialize delays)
+ 100(training setsize)+ 30 x 30 (30 testsetsof size30). For the selectionof thetraining
datasesizeandthetrainingtime the numberof pointswas750for eachexchangerate (50 +
100+ 20 testsetsof size30). For the experimentausinga validationsetin eachsimulation,
thenumberof pointswas750+ thesizeof the validationsetfor eachof the exchangerates.
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