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Abstract

Thisdocumentcontainsa descriptionof thefiltering technologydevelopedat theOlsenGroup.

Filtering of financial quoteshasa history of more than 10 years at Olsen. Since1997,Olsen
hasbeenrefininga new, adaptivefiltering algorithm. Adaptivitymeanstheability to applythefilter
to manynew financial instrumentswith just a minimumof preparation rather thana laboriousre-
configuration. It alsoimpliesthat thefilter adaptsto structural breaksin a timeseries,with no need
to recalibrateanyfilter parametersbyhand.

Olsen’s filtering technology haspassedthe testof practicewell. Many testson a widebasisof
financial instrumentshaveled to a numberof improvements;manyspecialanalysisstepsfor special
dataerror typeshavebeenadded.

1 Intr oduction

Thisdocumentcontainsadescriptionof thefiltering technologydevelopedat theOlsenGroup.

Datafiltering hasahistoryof morethan10yearsatOlsen.Theproblemof badquotesandtheirdamaging
consequencesin applicationswasrecognizedvery early. First filtering algorithmsweredevelopedand
applied,asshown in [Müller, 1989] andtheappendixof [Dacorognaetal., 1993]. Althoughfiltering as
afield of researchanddevelopmentwasunderestimatedby many peopleat thattime,Olsencontinuedto
improve thefiltering technology.

In 1997,amajoreffort wasmadeto raiseOlsen’s filtering capabilitiesto anew level. Thenew algorithm
wasspecifiedby thedocument[Müller andZumbach,1997] andimplementedin C++. Thenew Olsen
filter wastestedandimprovedfor awidely enlargedsetof financialinstruments.New, specificdataerror
typesweredetected;testsfor thesenew errorswereaddedto thefilter algorithm. Thenew Olsenfilter
hasreachedahigh degreeof reliability.

Thefilter is� applicableto new financialinstrumentsnearlyautomatically(adaptivealgorithminsteadof hand-
calibration),� specifiedin awaysuitableto programming(clearconcepts,structures,hierarchies),� profiting from 12yearsof Olsenfiltering experiencesanda rich setof errorexamples.

Filteringof high-frequency time-seriesdatais ademanding,oftenunderestimatedtask.It is complicated
becauseof� thevarietyof possibleerrorsandtheir causes;� thevarietyof statisticalpropertiesof thefilteredvariables(distribution functions,conditionalbe-

havior, non-stationarityandstructuralbreaks);� thevarietyof datasourcesandcontributorsof differentreliability;� theirregularity of time intervals(sparse/densedata,sometimeslongdatagapsover time);� the complexity andvariety of the quotedinformation: transactionprices,indicative prices,FX
forwardpremia(wherenegativevaluesareallowed),interestrates,pricesandothervariablesfrom
derivative markets,transactionvolumes,����� ; bid/askquotesvs.single-valuedquotes;
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� the necessityof real-timefiltering: producinginstantfilter resultsbeforeseeingany successor
quote.

Therearedifferentpossibleapproachesto filtering. Someguidelinesdeterminetheapproachof theOlsen
filter:� Plausibility: we do not know therealcauseof dataerrorswith rareexceptions(e. g. thedecimal

error).Thereforewe judgethevalidity or credibility of aquoteaccordingto its plausibility, given
thestatisticalpropertiesof theseries.� Weneedawholeneighborhoodof quotesfor judgingthecredibility of aquote:afiltering window.
A comparisonto only the“last valid” quoteof theseriesis not enough.Thefiltering window can
grow andshrinkwith dataqualityandtherequirementsfor arriving atagoodfiltering decision.� Thestatisticalpropertiesof theseriesneededto measuretheplausibilityof aquotearedetermined
insidethefiltering algorithmratherthanbeinghand-configured.Thefilter is thusadaptive.� Quoteswith complex structures(i. e.bid/askor open/high/low/close)aresplit into scalarvariables
to be filtered separately. Thesefiltered variablesmay be derived from the raw variables,e. g.
the logarithmof a bid price or the bid-askspread.Quotesplitting is motivatedby keepingthe
algorithmmodularandoverseeable.Somespecialerrortypesmayalsobeanalyzedfor full quotes
beforesplitting.� Numericalmethodswith convergenceproblems(suchasnon-linearminimization)arenot used.
Suchmethodswouldprobablyleadto problemsasthefilter is exposedto verydifferentsituations.
Thechosenalgorithmproducesunambiguousresults.� Thefilter needsahighexecutionspeed;computingall filtering resultsfrom scratchwith everynew
quotewould not beefficient. Thechosenalgorithmis iterative: whena new quoteis considered,
thefiltering informationobtainedfrom thepreviousquotesis re-used;only a minimal numberof
computationsconcerningthenew quoteis added.� Thefilter hastwo modes:real-timeandhistorical. Thanksto thefiltering window technique,both
modescanbesupportedby thesamefilter run. In historicalfiltering, thefinal validationof aquote
is delayedto a timeafterhaving seensomesuccessorquotes.

The paperis organizedasfollows. In section2, the propertiesandtypical errorsof thefiltered datais
discussed.Section3 providesanoverview of thefilter, its applicationandits hierarchicalstructure.Some
basicconceptsandoperationsareexplainedin section4. At the lowesthierarchylevel, scalarfiltering
windows (section5) usethesebasicoperations;thenext level is the full-quotewindow (section6); the
highestlevel is theunivariatefilter with its operations(section7). Somereadersmayprefera top-down
approachandthereforereadthesesectionsin reversesequence:section7,6, ����� . Somefiltering elements
dealingwith specialdataproblemsarediscussedin theseparatesection8,but they nicelyfit into themain
filter structure.An adaptive filter needsto learnfrom thedatabeforebeingoperational;this is organized
by following the initialization andcheckpointingguidelinesgivenin section9. Section10 coverssome
furtheraspectsof filtering suchastesting.Thefilter hasmany parameters,sothelist of parametersgiven
in section11will behelpful. A conclusionis madein section12.

2 The data to befilter ed

Beforediscussingthe filtering algorithm,we have to specifythe objectto be filtered: a time seriesof
quotes. Here we regard only one time seriesat a time. The filtering of several time seriestogether

O&A Consulting 2



is discussedin section8.4. A time seriesis a time-orderedsequenceof quotesfor a given financial
instrument.Thisdatashouldbehomogeneousasexplainedin thefollowing section.

2.1 Data homogeneity:a requirementfor filtering

Homogeneitymeansthatthequotesof aseriesareof thesametypeandthesamemarket; they maydiffer
in theoriginsof thecontributors,but shouldnot differ in importantparameterssuchasthematurity (of
interestrates,����� ) or themoneyness(of optionsor their impliedvolatilities).

Thefilter useris responsiblefor ensuringdatahomogeneity. Therearespecialcasesthatposeachallenge
to datahomogeneity. The LIFFE futuresexchange,for example,sometimesproducesquotesthat are
intendedascorrectionsof old quotes.In thiscase,theintentionis notonly to usethisnew quote,but also
to eraseanold quotethat is replacedbethenew one.Thecorrectionmessagemayarrive quite lateand
thusreplaceanold quotein themoredistantpastratherthanthemostrecentone.

Anothercaseof inhomogeneousdataoccursin datafeedsthatprovide bid or askquotes(or transaction
quotes)alternatively in randomsequence.Herewe advisesplitting thedatastreaminto independentbid
andaskstreams.The samefeedmayalsocontainsvolumeor openinterestfigures,which canalsobe
filteredasspecialtimeseries.Normalbid-askpairs,however, areappropriatelyhandledinsidethefilter.

Anotherviolation of homogeneityhappensin the caseof benchmarkbonds,whenthe maturity of the
underlyingbondchanges.Strictly speaking,a benchmarkbondis no longerthesameinstrumentafter
thischange,but theconventionis to keepit in thesametimeseries.Thiscaseis discussedin section8.3.2.

2.2 The nature of the data: bid, ask, transaction quotes, �����
All quoteshave the following generalstructure(which is in line with the “datum” structureof Olsen’s
ORLA software,OlsenResearchLAboratory).

1. A timestamp. This is thetime of thedatacollection,thearrival time of thereal-timequotein the
collector’s environment.Timestampsaremonotonicallyincreasingover thetimeseries.Wemight
alsohave othertime stamps(e.g. thereportedtime of theoriginal productionof thequote).Such
a secondarytime stampwould however be consideredassideinformation(in category 4) rather
thanaprimarytime stamp.

2. Information on the quote level. Thereare different typesof level information as markets and
sourcesare different in natureand also differently organized. Somelevel information can be
termed“price”, someother informationsuchas transactionvolumefigurescannot. Somenon-
pricessuchasimpliedvolatility quotescanbetreatedaspriceswith bid andaskquotes.A neutral
term suchas “level” or “filtered variable” is thereforepreferredto “price”. In the caseof op-
tions,thepricemight befirst convertedto animplied volatility which is thenthefilteredvariable.
Differentquotingtypesrequiredifferentfiltering approaches;this is discussedbelow.

3. Informationon the origin of the quote: informationprovider, nameof exchangeor bank, city,
country, time zone, ����� . In the filtering algorithm,we only needone function to compare two
origins. This will beusedwhenjudging the independenceandcredibility of quotesasexplained
in furthersections.A furtheranalysisof banknamesor otherIDs is not really needed.

4. Side information: everythingthat doesnot fall into oneof the threeaforementionedcategories,
e.g. asecondtime stamp.This is ignoredby filtering.
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This list summarizesthegeneraldataorganizationfrom theperspective of thefiltering requirements.

Theinformationon thequotelevelsis organizedin differentstructuresdependingon themarket andthe
source.Someimportantcasesarelistedhere:� single-valuedquotes: eachquotehasonly onevaluedescribingits level. Example:stockindices.� bid-askquotes: eachquotehasabid valueandanaskvalue.Example:foreignexchange(FX) spot

rates.� bid or askquotes: eachquotehasabid or anaskvalue,oftenin unpredictablesequence.Thiscan
beregardedastwo differentsingle-valuedtimeseries.Example:quoteson someexchanges.� bid or askor transactionquotes: eachquotehasabid valueor anaskvalueor a transactionvalue.
Again, this canberegardedasthreedifferentsingle-valuedtime series.Example:thedatastream
from themajorshort-terminterestratefuturesexchangesalsoincludestransactiondata.� middlequotes:in certaincases,we only obtaina time seriesof middlequoteswith aretreatedas
single-valuedquotes.Thecaseof gettingonly transactionquotes(no bid, no ask)is technically
identical.Also transactionvolumefiguresaretreatedassingle-valuedquotes,for example.� OHLC quotes:open/high/low/close.Thereis no Olsenfilter for OHLC quotesasthereis no such
input datastreamin Olsen’s datacollection. However, thefilter architectureis flexible: a special
OHLC filter canbemadein analogyto thebid-askfilter, alsowith sometestsof thewholequote
followedby quotesplitting asto beexplained.� otherquotetypes: we cannever besureto have acomprehensive list of level quotingtypes.

Thechosenfilter structureis flexible enoughto treatall thesedifferentquotestructures.If a new, unex-
pectedquotestructureis encountered,it is straightforward to derive a new classfor it, derived from the
baseclassof univariatefilters (in theterminologyof object-orientedprogramming).

2.3 Data error types

Ourdefinitionof thetermdataerror is asfollows.

A dataerror is presentif a pieceof quoteddatadoesnotconformto therealsituationof the
market.

Wehave to identify apricequoteasbeingadataerrorif it is neitheracorrectlyreportedtransactionprice
nor a possibletransactionpriceat thereportedtime. In thecaseof indicative prices,we have to tolerate
acertaintransmissiontimedelay, though.

Therearemany causesfor dataerrors.Theerrorscanvaguelybeseparatedin two classes:

1. humanerrors:errorsdirectlycausedby humandatacontributors,for differentreasons:

(a) unintentionalerrors,e.g. typing errors;

(b) intentionalerrors,e.g. dummyquotesproducedjust for technicaltesting;

2. systemerrors:errorscausedby computersystems,their interactionsandtheir failures.
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Strictly speaking,systemerrorsarealsohumanerrorsbecausehumanoperatorshave the ultimatere-
sponsibilityfor thecorrectoperationof computersystems.However, thedistancebetweenthedataerror
andtheresponsiblepersonis muchlargerfor systemerrors.

In many cases,it is impossibleto find theexactreasonfor thedataerrorevenif thequoteis veryaberrant.
Thetaskof thefilter is to identify suchoutliers,whatever thereason.

Sometimesthe causeof the error canbe guessedfrom the particularbehavior of thebadquotes.This
knowledgeof the error mechanismcanhelp to improve filtering and, in somecases,correctthe bad
quotes.

TheOlsenfilter hassomealgorithmicelementsto dealwith specialerrorsof differenttypes:

1. Decimal errors: Failure to changea “big” decimaldigit of the quote. Example:a bid price of
1.3498is followed by a true quote1.3505,but the published,badquoteis 1.3405. This error is
mostdamagingif thequotingsoftwareis usinga cachememorysomewhere.Thewrongdecimal
digit maystayin thecacheandcausea long seriesof badquotes.For Reuterspagedata,this was
adominanterrortypearound1988! Nowadays,thiserrortypeseemsto berare.

2. “Test” quotes: Somedatacontributorssometimessendtestquotesto thesystem,usuallyat times
whenthemarket is not liquid. Thesetestquotescancausea lot of damagebecausethey maylook
plausibleto thefilter, at leastinitially. Two importantexamples:� “Early morning test”: A contributorsendsabadquoteveryearlyin themorning,in orderto

testwhethertheconnectionto thedatadistributor (e.g. Reuters)is operational.If themarket
is inactiveovernight,notraderwouldtakethistestquoteseriously. For thefilter, suchaquote
maybeamajorchallenge.Thefilter hasto bevery critical to first quotesafteradatagap.� Monotonic series: Somecontributorstesttheperformanceandthe time delayof their data
connectionby sendinga long seriesof linearly increasingquotesat inactive timessuchas
overnightor during a weekend. For the filter, this is hardto detectbecausequote-to-quote
changeslook plausible.Only themonotonicbehavior in thelong runcanbeusedto identify
thefake natureof thisdata.

3. Repeatedquotes: Somecontributors let their computersrepeatthe last quotein more or less
regular time intervals. This is harmlessif it happensin a moderateway. In somemarketswith
high granularityof quoting(suchasEurofutures),repeatedquotevaluesarequitenatural. How-
ever, therearecontributorsthatrepeatold quotesthousandsof timeswith high frequency, thereby
obstructingthefiltering of thefew goodquotesproducedby other, morereasonablecontributors.

4. Quote copying: Somecontributors employ computersto copy and re-sendthe quotesof other
contributors, just to show a strongpresenceon the datafeed. Thusthey decreasethe dataqual-
ity, but thereis no reasonfor a filter to remove copiedquotesthat areon a correctlevel. Some
contributorsrun programsto produceslightly modifiedcopiedquotesby addinga small random
correctionto thequote.Suchslightly varyingcopiedquotesaredamagingbecausethey obstruct
theclearidentificationof fake monotonicor repeatedseriesmadeby othercontributors.

5. Scaling problem: Quoting conventionsmay differ or be officially redefinedin somemarkets.
Somecontributors may quotethe valueof 100 units, othersthe valueof 1 unit. The filter may
run into this problem“by surprise”unlessa very active filter useranticipatesall scalechangesin
advanceandpreprocessesthedataaccordingly.

The filter hasmeansto treat all thesedifferent error types,as explainedin further sections,notably
section8.
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Filter
Filter


Data source

�

raw quotes


Normal data user

�

filtered quotes


Filter


Data source

�

raw quotes


Special data user


credibility of quotes,


filtering results


Normal users just want to eliminate bad quotes from the application (left chart). In special cases, users want
to know filtering results such as the credibility or the reason for filtering a quote (right chart). In both cases,
the filter may compute corrected quote values if the reason of the quote error is well known.

Figure1: Flow charts of the filter application

3 General overview of the filter

Beforeexplaining themany detailsof thefilter, someoverview is given. The functionalityof thefilter
from theuser’s perspective aswell asthebasicinternalstructureis described.

3.1 The functionality of the filter

The functionality of the filter is first describedon a generallevel. The flowchartsof Figure 1 show
sometypical applicationsof thefilter in a larger context. Normalusersjust want to eliminate“invalid”
datafrom the stream,but the charton the right-handsideshows that the filter canalsodeliver more
informationon thequotesandtheirquality.

The filter hassomeconfigurationparametersdependingon the type of the instrument,asto be shown
later. Onceit is created,it performsthefollowing operations:� It is fedby financialquotesin theorderedsequenceof their timestamps.� It deliversthefiltering resultsof thesamequotesin thesameorderedsequence;for eachquote:

– thecredibility of thequotebetween0 (totally invalid) and1 (totally valid), alsofor individual
elementssuchasbid or askpricesor thebid-askspread;

– the value(s)of the quote,whoseerrorscanpossiblybe correctedin somecaseswherethe
errormechanismis well known;

– thefiltering reason,explainingwhy thefilter hasrejected(or corrected)thequote.

Specialfilter usersason theright-handsideof Figure1 maywant to useall thesefiltering results,e.g.
for filter testingpurposes.Normal usersuseonly those(possiblycorrected)quoteswith a credibility
exceedinga thresholdvalue(which is oftenchosento be0.5).They ignoreall invalid quotesandall side
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resultsof thefilter suchasthefiltering reason.By doingso, they areprocessingthedataasin the left
flowchartof Figure1.

The timing of thefilter operationsis non-trivial. In real-timeoperation,a per-quoteresult is produced
right after thecorrespondingquotehasenteredthefilter. In historical operation,theusercanseea per-
quoteresultonly after thefilter hasseena few newer quotesandadaptedthecredibility of olderquotes
accordingly.

The filter needsa build-up period asspecifiedby section9.1. This is naturalfor an adaptive filter. If
thefiltering sessionstartsat thefirst availablequote(databasestart),thebuild-up meansto run thefilter
for a few weeksfrom this start,storinga setof statisticalvariablesin preparationfor restartingthefilter
from the first available quote. The filter will thenbe well adaptedbecauseit canusethe previously
storedstatisticalvariables.If thefiltering sessionstartsat somelaterpoint in thetime series,thenatural
build-up periodis theperiodimmediatelyprecedingthefirst quoteof thesession.

Thedescribedfunctionality refersto theunivariateOlsenfilter, wherea financialinstrumentis filtered
independentlyfrom other instruments.This concepthasto be upgradedin the caseof a multivariate
filtering algorithmyet to bedeveloped,seesection8.4.

Thefiltering algorithmcanbeseenasonewholeblock thatcanbeusedseveraltimesin adataflow, also
in series.Examples:� Mixing alreadyfiltereddatastreamsfrom severalsourceswherethemixing resultis againfiltered.

Thedangeris thatthecombinedfilters rejecttoomany quotes,especiallyin thereal-timefiltering
of fastmoves(or pricejumps).� Filtering combinedwith computationalblocks:raw data � filter � computationalblock � filter� application.Somecomputationalblockssuchascrossrateor yield curve computationsrequire
filteredinputandproduceanoutputthattheusermayagainwantto filter.

Repeatedfiltering in seriesis ratherdangerousbecauseit mayleadto toomany rejectionsof quotes.If it
cannotbeavoided,only oneof thefilters in thechainshouldbeof thestandardtype. Theotherfilter(s)
shouldbeconfiguredto beweak,i. e. they shouldeliminatenotmorethanthetotally aberrantoutliers.

3.2 Overview of the filtering algorithm and its structure

The filtering algorithm is structuredin a hierarchicalschemeof sub-algorithms. Table 1 gives an
overview of this structure. The Olsenfilter is univariate, it treatsonly one financial instrumentat a
time. Of course,we cancreatemany filter objectsfor many instruments,but thesefilters do not interact
with eachother.

However, we canadda higherhierarchylevel at the top of Table1 for multivariatefiltering. A multi-
variatefilter couldcoordinateseveralunivariatefilters andenhancethefiltering of sparsetime seriesby
usinginformationfrom well-coveredinstruments.This is discussedin section8.4.

Details of the different algorithmic levels are explainedin the next sections. The sequenceof these
sectionsfollows Table1, frombottomto top.

In Figure2, thestructureof thefilter is alsoshown in theform of aUML classdiagram.UML diagrams
(the standardin object-orientedsoftware development)areexplainedin [Fowler andScott,1997], for
example.Thesamefilter technologymight alsobeimplementedslightly differentfrom Figure2.

The threehierarchylevels of Table 1 can be found againin Figure 2: (1) the univariatefilter (Uni-
varFilter), (2) the full-quote filtering window (FullQuoteWindow) and(3) the scalarfiltering window
(ScalarQuoteWindow). Note that the word “tick” is just a synonym of the term “quote”. The filter as
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hier-
archy
level

name of
thelevel

purpose,description

1 univariate
filter

Thecompletefiltering of onetimeseries:� passingincomingquotesto theanalysisof thelowerhierarchylevels;� managingthefilter resultsof thelowerhierarchylevelsandpackagingthese
resultsinto theright outputformatof thefilter;� supportingreal-timeandhistoricalfiltering;� supportingoneor morefiltering hypotheses,eachwith its own full-quote
filtering window.

2 full-quote
filtering
window

A sequenceof recentfull quotes,someof thempossiblycorrectedaccordingto a
generalfiltering hypothesis.Tasks:� quote splitting (the most impostanttask): splitting full quotes(such as

bid/ask)into scalarquotesto befiltered individually in their own scalarfil-
teringwindows;� abasicvalidity test(e.g. whetherpricesarein thepositive domain);� apossiblemathematicaltransformation(e.g.: logarithm);� all thosefiltering stepsthat requirefull quotes(not just bid or askquotes
alone)aredonehere.

3 scalar
filtering
window

A sequenceof recentscalarquoteswhosecredibilitiesarestill in the processof
beingmodified.Tasks:� testingnew, incomingscalarquotes;� comparinga new scalarquoteto all older quotesof the window (usinga

specialbusinesstimescaleandadependenceanalysisof quoteorigins);� computingafirst (real-time)credibility of thenew scalarquote;� modifying thecredibilitiesof olderquotesbasedon theinformationgained
from thenew quote;� dismissingtheoldestscalarquotewhenits credibility is finally settled;� updatingthestatisticswith sufficiently crediblescalarquoteswhenthey are
dismissedfrom thewindow.

Table1: The basic structure of the filtering algorithm.

explainedin the wholedocumentis muchricher thanthe classstructureshown in Figure2. The filter
alsocontainssomespecialelementssuchasa filters for monotonicfake quotesor scaledquotes.The
descriptionof thesespecialfilter elementshasbeenmovedto theseparatesection8, following themain
filter description.However, everythingfits into the main structuregiven by Table1 andFigure2. We
recommendthatthereaderrepeatedlyconsultthis tableandthis figurein orderto regainanoverview of
thewholealgorithmwhile readingthenext sections.
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A possible UML diagram of the filter implementation. The main classes and relations are shown; many more
elements have to be locally added according to the descriptions of the document.

Figure2: UML class diagram of the filter

4 Basicfiltering elementsand operations

The first elementto be discussedin a bottom-to-topspecificationis the scalarfiltering window. Its
positionin thealgorithmis shown in Figure2 (classScalarQuoteWindow). Window filtering relieson
a numberof conceptsandoperationsthatarepresentedeven beforediscussingthemanagementof the
window.

Thebasicfiltering operationsseethequotesin thesimplifiedform of scalarquotesconsistingof:

1. thetimestamp,

2. onescalarvariablevalueto befiltered(e.g. thelogarithmof abid price),heredenotedby x,

3. theorigin of thequote(asin thefull quoteof section2.2).

Thebasicoperationscanbedividedinto two types:

1. Filtering of singlescalarquotes:consideringthecredibility of onescalarquotealone.An impor-
tantpartis the level filter wherethelevel of thefilteredvariableis thecriterion.

2. Pair filtering: comparingtwo scalarquotes. The most importantpart is the change filter that
considersthe changeof the filtered variablefrom one quoteto anotherone. Filtering depends
on the time interval betweenthe two quotesandthe time scaleon which this is measured.Pair
filtering alsoincludesacomparisonof quoteorigins.

The basicfiltering operationsand anotherbasicconceptof filtering, credibility, are presentedin the
following sections. Their actualapplicationin the larger algorithm is explained later, starting from
section5.
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Ctotal C1 !
0 0.25 0.5 0.75 1

C2 !
1 (0.5) 1 1 1 1

0.75 0 0.5 0.75 0.878 1

0.5 0 0.25 0.5 0.75 1

0.25 0 0.122 0.25 0.5 1

0 0 0 0 0 (0.5)

Table2: The total credibility Ctotal resulting from two independent credibility values C1 and C2. The
function Ctotal ! C " T # C1 $&% T # C2 $(' defines an addition operator for credibilities. Eqs. 4.1 and 4.2
are applied. The values in brackets, (0.5), are in fact indefinite limit values; Ctotal may converge
to any value between 0 and 1.

4.1 Credibility and trust capital

Credibility is acentralconceptof thefiltering algorithm.It is expressedby avariableC takingvaluesbe-
tween0 and1, where1 indicatescertainvalidity and0 certaininvalidity. Thisnumbercanbeinterpreted
astheprobabilityof a quotebeingvalid accordingto a certainarbitrarycriterion. For two reasons,we
avoid theformal introductionof theterm“probability”. First, thevalidity of a quoteis a fuzzy concept;
e. g. slightly deviating quotesof an over-the-counterspotmarket canperhapsbe termedvalid even if
they arevery unlikely to leadto a real transaction.Second,we have no modelof probability even if
validity couldbeexactly defined.Credibility canbeunderstoodasa “possibility” in thesenseof fuzzy
logic [Zimmermann,1985].

Credibility is not additive: thecredibility of a scalarquotegainedfrom two testsis not thesumof the
credibilitiesgainedfrom the individual tests.This follows from thedefinition of credibility between0
and1. Thesumof two credibilitiesof, say, 0.75wouldbeoutsidethealloweddomain.

For internalcredibility computations,it is usefulto defineanadditive variable,thetrust capitalT which
is unlimitedin value.Thereisnotheoreticallimit for gatheringevidencein favor of acceptingor rejecting
thevalidity hypothesis.Full validity correspondsto a trustcapitalof T ! ∞, full invalidity to T !*) ∞.
We imposea fixed, monotonicrelation betweenthe credibility C and the trust capital T of a certain
object:

C # T $+! 1
2 % T

2 , 1 % T2
(4.1)

andtheinverserelation

T # C $-! C ) 1
2.

C # 1 ) C $ (4.2)

Therearepossiblealternativesto this functionalrelationship.Thechosensolutionhassomeadvantages
in theformulationof thealgorithmthatwill beshown later.

The additivity of trust capitalsand eqs.4.1 and 4.2 imply the definition of an addition operatorfor
credibilities.Table2 shows thetotal credibility resultingfrom two independentcredibility values.
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4.2 Filtering of singlescalar quotes: the level filter

In the Olsenfilter, thereis only oneanalysisof a singlequote,the level filter. Comparisonsbetween
quotes(donefor a pair of quotes,treatedin section4.3) areoften moreimportantin filtering thanthe
analysisof asinglequote.

Thelevel filter computesafirst credibility of thevalueof thefilteredvariable.Thisis usefulonly for those
volatile but mean-revertingtime serieswherethelevelsassuchhave a certaincredibility in theabsolute
sense– notonly thelevel changes. Moreover, thetiming of themeanreversionshouldberelatively fast.
Interestratesor IR futuresprices,for example,aremean-reverting only after time intervals of years;
they appearto befreely floatingwithin smallerintervals [Ballocchi,1996]. For thoseratesandfor other
prices,level filtering is not suitable.

Theobviousexamplefor fastmeanreversionandthusfor usinga level filter is thebid-askspreadwhich
canberathervolatile from quoteto quotebut tendsto staywithin afixedrangeof valuesthatvariesonly
very slowly over time. For spreads,an adaptive level filter is at leastas importantasa pair filter that
considersthespreadchangebetweentwo quotes.

Thelevel filter first putsthefilteredvariablevaluex (possiblytransformedasdescribedin section6.3)into
theperspectiveof itsown statisticalmeanandstandarddeviation. Following thenotationof [ZumbachandMüller, 2001],
thestandardizedvariablex̂ is defined:

x̂ ! x ) x̄
MSD " ∆ϑr / 2; x ' ! (4.3)

! x ) x̄.
EMA " ∆ϑr ; # x ) x̄$ 2 '

wherethemeanvalueof x is alsoamoving average:

x̄ ! EMA " ∆ϑr ; x ' (4.4)

Theϑ-timescale[Dacorognaet al., 1993] tobeusedisdiscussedin section4.4.Thevariable∆ϑr denotes
theconfigurablerangeof thekernelof themoving averagesandshouldcover thetimeframeof themean
reversionof thefilteredvariable;a reasonablevaluefor bid-askspreadshasto bechosen.Theiterative
computationof moving averagesis explainedin [Müller, 1991] and[ZumbachandMüller, 2001]. Here
and for all the moving averagesof the filtering algorithm, a simple exponentiallyweightedmoving
average(EMA) is usedby theOlsenfilter for efficiency reasons.

A small 0 x̂ 0 valuedeserveshigh trust; anextreme 0 x̂ 0 valueindicatesanoutlier with low credibility and
negative trustcapital.Beforearriving ata formulafor thetrustcapitalasa functionof x̂, thedistribution
functionof x̂ hasto bediscussed.A symmetricform of thedistribution function is assumedat leastin
coarseapproximation.Positivedefinitevariablessuchasthebid-askspreadarequiteasymmetricallydis-
tributed;thisis why they mustbemathematicallytransformed.Thismeansthatx is alreadyatransformed
variable,e.g. thelogarithmof thespreadasexplainedin section6.3.

Theamountof negative trustcapitalfor outliersdependson thetails of thedistribution at extreme(pos-
itive andnegative) x̂ values.A reasonableassumptionis that thecredibility of outliersis approximately
the probability of exceedingthe outlier value,given the distribution function. This probability is pro-
portionalto x̂1 α whereα is calledthetail index of thefat-taileddistribution. We know thatdistribution
functionsof level-filteredvariablessuchasbid-askspreads[Müller andSgier, 1992] areindeedfat-tailed.
Determiningthedistribution functionandα in a moving samplewould bea considerabletask,certainly
too heavy for filtering software. Therefore,we chooseanapproximateassumptionon α thatwasfound
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acceptableacrossmany rates,filteredvariabletypesandfinancialinstruments:α ! 4. Thisvalueis also
usedin theanalogouspair filtering tool, e.g. for pricechanges,anddiscussedin section4.3.1.

For extremeevents, the relation betweencredibility and trust capital, eq. 4.1, can be asymptotically
expandedasfollows:

C ! 1
4 T2 for T 2 ) 1 (4.5)

Termsof orderhigherthan # 13 T $ 2 areneglectedhere.Defininga credibility proportionalto x̂1 α is thus
identical to defininga trust capital proportionalto x̂α 4 2. Assumingα ! 4 , we obtaina trust capital
proportionalto x̂2. For outliers,this trustcapitalis negative, but for small x̂, the trustcapitalis positive
up to amaximumvaluewe defineto be1.

Now, we have the ingredientsto comeup with a formula thatgivesthe resultingtrustcapitalof the ith
quoteaccordingto thelevel filter:

Ti0 ! 1 ) ξ2
i (4.6)

wherethe index 0 of Ti0 indicatesthat this is a resultof the level filter only. The variableξi is x in a
scaledandstandardizedform:

ξi ! x̂i

ξ0
(4.7)

with a constantξ0. Eq. 4.6 togetherwith eq. 4.7 is the simplestpossibleway to obtain the desired
maximumandasymptoticbehavior. For certainrapidlymean-revertingvariablessuchashourlyor daily
tradingvolumes,thismaybeenough.

However, the actualimplementationin the Olsenfilter is for bid-askspreadswhich have somespecial
properties.Filter testshave shown that thesepropertieshave to betaken into accountin orderto attain
satisfactoryspreadfilter results:� Quotedbid-askspreadstendto clusterat “even” values,e.g. 10basispoints,while therealspread

may bean oddvalueoscillatingin a rangebelow thequotedvalue. A seriesof formal, constant
spreadscanthereforehidesomesubstantialvolatility that is not coveredby thestatisticallydeter-
mineddenominatorof eq.4.3. Weneedanoffset∆x2

min to accountfor thetypicalhiddenvolatility
in thatdenominator. A suitablechoiceis ∆x2

min ! " constant1 # x̄ % constant2 $(' 2.� High valuesof bid-askspreadsareworsein usabilityandplausibility thanlow spreads,by nature.
Thusthequotedeviationsfrom themeanasdefinedby eq.4.3arejudgedin a biasedway. Devi-
ationsto thehigh side(x̂i 5 0) arepenalizedby a factorphigh whereasno suchpenaltyis applied
againstlow spreads.� For some(minor)financialinstruments,many quotesarepostedwith zerospreads,i. e.bid quote!
askquote.This is discussedin section6.1(andits subsections).In somecases,zerospreadshave
to beaccepted,but we setapenaltyagainstthemasin thecaseof positive x̂i .

Weobtainthefollowing refineddefinitionof ξi :

ξi ! 6
x̂i
ξ0

if x̂i 7 0 andnozero-spreadcase

phigh
x̂i
ξ0

if x̂i 5 0 or in azero-spreadcase
(4.8)
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wherex̂i comesfrom amodifiedversionof eq.4.3,

x̂ ! x ) x̄8
EMA " ∆ϑr ; # x ) x̄$ 2 '9% ∆x2

min

(4.9)

Theconstantξ0 determinesthesizeof an x̂ that is just largeenoughto neitherincreasenor decreasethe
credibility.

Eq. 4.8 is generalenoughfor all mean-reverting filterablevariables.The Olsenfilter hasa level filter
only for bid-askspreads.If we introducedothermean-revertingvariables,a goodvaluefor ∆x2

min would
probablybe muchsmalleror even 0, phigh aroundoneandξ0 larger (to toleratevolatility increasesin
absenceof abasicvolatility level ∆x2

min).

4.3 Pair filtering

The pairwisecomparisonof scalarquotesis a centralbasicfiltering operation. Simplefiltering algo-
rithms,suchastheold Olsenfilter asit wasaround1990,indeedconsistedof a simplesequenceof pair
filtering operations:eachnew quotewasjudgedonly in relationto the “last valid” quote. The current
Olsenfilter makes more pairwisecomparisonsalso for quotesthat are not neighborsin the seriesas
explainedin section5.

Pair filtering containsseveral ingredients,the most importantonebeingthe filter of variablechanges.
Thetimedifferencebetweenthetwo quotesplaysarole,sothetimescaleonwhich it is measuredhasto
bespecified.Thecriterionis adaptiveto thestatisticallyexpectedvolatility estimateandthereforeuses
someresultsfrom amoving statisticalanalysis.

Anotherbasicpair filtering operationis the comparisonof the origins of the two quotes. Somedata
sourcesprovide rich informationaboutcontributors,someothersourceshide this informationor have
few contributors(or just one). Thecomparisonof quoteoriginshasto beseenin theperspective of the
observeddiversityof quoteorigins.Measuringthisdiversity(whichmaychangeover time)addsanother
aspectof adaptivity to thefilter.

4.3.1 The changefilter

The changefilter is a very importantfiltering element.Its taskis to judgethe credibility of a variable
changeaccordingto experience,which implies the useof on-line statisticsand thus adaptivity. The
changeof thefilteredvariablefrom the jth to the ith quoteis

∆xi j ! xi ) x j (4.10)

Thevariablex maybetheresultof a transformationin thesenseof section6.3. The time differenceof
thequotesis ∆ϑi j , measuredona time scaleto bediscussedin section4.4.

Thevariablechange∆x is put into a relationto a volatility measure:theexpectedvarianceV # ∆ϑ $ about
zero.V is determinedby theon-linestatisticsasdescribedin section4.3.2.Therelativechangeis defined
asfollows:

ξi j ! ∆xi j

ξ0

.
V # ∆ϑi j $ (4.11)
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with a positive constantξ0 which hasa valueof 5.5 in the Olsenfilter andis further discussedbelow.
Low 0 ξ 0 valuesdeserve high trust,extreme 0 ξ 0 valuesindicatelow credibility andnegative trustcapital:
at leastoneof thetwo comparedquotesmustbeanoutlier.

The further algorithmis similar to that of the level filter asdescribedin section4.2, usingthe relative
changeξi j insteadof thescaledstandardizedvariableξi .

Theamountof negativetrustcapitalfor outliersdependsonthedistribution functionof changes∆x, espe-
cially thetail of thedistributionatextreme∆x or ξ values.A reasonableassumptionis thatthecredibility
of outliersis approximatelythe probability of exceedingthe outlier value,given the distribution func-
tion. Thisprobabilityis proportionalto ξ 1 α whereα is thetail index of afat-taileddistribution. Weknow
thatdistribution functionsof high-frequency pricechangesareindeedfat-tailed[Dacorognaetal., 1998].
Determiningthe distribution function andα in a moving samplewould be a considerabletaskbeyond
thescopeof filtering software.Therefore,we make a roughassumptionon α thatis goodenoughacross
many rates,filtered variabletypesandfinancial instruments.For many price changes,a goodvalueis
aroundα : 3 � 5, accordingto [Dacorognaetal., 1998, Müller etal., 1998]. As in section4.2,we gener-
ally useα ! 4 asa realistic,generalapproximation.

As in section4.2 andwith thehelp of eq.4.5, we arguethat the trust capitalshouldasymptoticallybe
proportionalto ξ2 andarrive ata formulathatgivesthetrustcapitalasa functionof ξ:

Ui j ! U # ξ2
i j $+! 1 ) ξ2

i j (4.12)

which is analogousto eq.4.6.This trustcapitaldependingonly onξ is calledU to distinguishit from the
final trustcapitalT that is basedon morecriteria. At ξ ! 1, eq.4.12yieldsa zerotrustcapital,neither
increasingnor decreasingthecredibility. Intuitively, a variablechangeof few standarddeviationsmight
correspondto thisundecidedsituation;smallervariablechangesleadto positive trustcapital,largerones
to negativetrustcapital.In fact,theparameterξ0 of eq.4.11shouldbeconfiguredto ahighvalue,leading
to a rathertolerantbehavior evenif thevolatility V is slightly underestimated.

The trust capitalUi j from eq. 4.12 is a sufficient conceptunderthe bestcircumstances:independent
quotesseparatedby a small time interval. In thegeneralcase,a modifiedformulais neededto solve the
following threespecialpair filtering problems.

1. Filtering shouldstaya local concepton the time axis. However, a quotehasfew closeneigh-
borsandmany moredistantneighbors.Whentheadditive trust capitalof a quoteis determined
by pairwisecomparisonsto other quotesas explainedin section5.2.1, the resultsfrom distant
quotesmustnotdominatethosefrom thecloseneighbors;theinteractionrangeshouldbelimited.
This is achieved by definingthe trust capitalproportionalto # ∆ϑ $ 1 3 (assuminga constantξ) for
asymptoticallylargequoteintervals∆ϑ.

2. For large∆ϑ, evenmoderatelyaberrantquoteswouldbetooeasilyacceptedby eq.4.12.Therefore,
theaforementioneddeclineof trustcapitalwith growing ∆ϑ is particularlyimportantin thecaseof
positive trustcapital.Negative trustcapital,on theotherhand,shouldstaystronglynegative even
if ∆ϑ is ratherlarge. Thenew filter needsa selective declineof trustcapitalwith increasing∆ϑ:
fastfor smallξ (positive trust capital),slow for large ξ (negative trust capital). This treatmentis
essentialfor dataholesor gaps,wherethereareno (or few) closeneighborquotes.

3. Dependentquotes:if two quotesoriginatefrom thesamesource,their comparisoncanhardly in-
creasethecredibility (but it canreinforcenegativetrustin thecaseof alargeξ). In section4.3.3,we
introduceanindependencevariableIi j between0 (totally dependent)and1 (totally independent).

Thetwo lastpointsimply acertainasymmetryin thetrustcapital:gatheringevidencein favor of accept-
ing aquoteis moredelicatethanevidencein favor of rejectingit.
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T d∆ϑ 3 ν !
0 0.5 1 2 40 ξ 0 !

4 -15.0 -14.9 -14.2 -10.2 -3.2

2 -3.0 -2.9 -2.5 -1.2 -0.22

1 0 0 0 0 0

0.5 0.75 0.68 0.42 0.10 0.014

0 1 0.89 0.50 0.11 0.015

Table3: The trust capital T resulting from a comparison of two independent (I ; ! 1) scalar quotes,
depending on the relative variable change ξ and the time interval ∆ϑ between the quotes. ξ is
defined by eq. 4.11, and d and ν are explained in the text.

All theseconcernscanbetakeninto accountin anextendedversionof eq.4.12.This is thefinal formula
for thetrustcapitalfrom a changefilter:

Ti j ! T # ξ2
i j / ∆ϑi j / Ii j $<! I ;i j

1 ) ξ4
i j

1 % ξ2
i j % # d ∆ϑi j

ν $ 3 (4.13)

where

I ;i j ! = Ii j if ξ2
i j > 1

1 if ξ2
i j ? 1

(4.14)

TheindependenceIi j is alwaysbetween0 and1 andis computedby eq.4.23. Thevariabled is a quote
densityexplainedin section4.3.2.Theconfigurableconstantν determinesa sortof filtering interaction
rangein unitsof thetypicalquoteinterval ( : 13 d).

Table3 shows thebehavior of thetrustcapitalaccordingto eq.4.13.Thetrustcapitalconvergesto zero
with an increasingquoteinterval ∆ϑ muchmorerapidly for small variablechanges0 ξ 0 thanfor large
ones.For small∆ϑi j andIi j ! 1, eq.4.13convergesto eq.4.12.

4.3.2 Computing the expectedvolatility

Theexpectedvolatility is a functionof thesizeof thetime interval betweenthequotesandthusrequires
a largercomputationeffort thanotherstatisticalvariables.Only crediblescalarquotesshouldbeusedin
thecomputation.Theupdatesof all statisticsarethereforemanagedby anotherpartof thealgorithmthat
knows aboutfinal credibilitiesasexplainedin section5.4.2.

Choosingan appropriatetime scalefor measuringthe time intervals betweenquotesis alsoimportant.
A scalelike ϑ-time [Dacorognaetal., 1993] is goodbecauseit leadsto reasonablevolatility estimates
without seasonaldisturbances.This is furtherdiscussedin section4.4.

Theexpectedvolatility computationcanbeimplementedwith moreor lesssophistication.Here,a rather
simplesolutionis taken.Thefirst requiredstatisticalvariableis thequotedensity:

d ! EMA " ∆ϑr ;
cd

δϑ ' (4.15)
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This is amoving averagein thenotationof [ZumbachandMüller, 2001]; δϑ is thetimeinterval between
two “valid” (asdefinedonahigherlevel) neighborquotesonthechosentimescale,whichis ϑ-time,asin
all thesecomputations.∆ϑr is theconfigurablerangeof thekernelof themoving average.Thevariable
cd is theweightof thequotewhichhasavalueof cd ! 1 or lower in caseof repeatedquotevalues.Theit-
erativecomputationof moving averagesis explainedin [Müller, 1991] and[ZumbachandMüller, 2001].
Thevalue13 δϑ hasto beassumedfor thewholequoteinterval which impliesusingthe“next point” in-
terpolationasexplainedby thesamedocuments.It canbeshown thatazerovalueof δϑ doesnot leadto
asingularityof theEMA (but mustbehandledcorrectlyin asoftwareprogram).

An annualizedsquared“micro”-volatility is definedasavariance,againin form of amoving average:

v ! EMA " ∆ϑr ;
# δx$ 2

δϑ % δϑ0
' (4.16)

wherethenotation(alsotheδ operator)is againdefinedby [ZumbachandMüller, 2001] andthe range
∆ϑr is thesameasin eq.4.15. δx is the changeof thefiltered variablebetween(sufficiently credible)
neighborquotes.Thereis asmalltime interval offset

δϑ0 ! max# d0

d / δϑmin $ (4.17)

The small positive term δϑ0 accountsfor someknown short-termbehaviors of markets: (1) certain
asynchronicitiesin thequotetransmissions,(2) sometemporarymarket level inconsistenciesthatneed
time to be arbitragedout, (3) a negative autocorrelationof many market pricesover short time lags
[Guillaumeetal., 1997]. However, δϑ0 is not neededto avoid singularitiesof v; even a zerovalueof
both δϑ andδϑ0 would not leadto a singularityof the EMA. The “next point” interpolationis again
appropriatein theEMA computation.

Strictly speaking,v canbecalledannualizedonly if ϑ is measuredin years,but thechoiceof this unit
doesnotmatterin ouralgorithm.Theexponentof theannualization(here:assumingaGaussiandrift) is
not too importantbecausethedifferentvaluesof δϑ sharethesameorderof magnitude.

Experienceshowsthatthevolatility measureof thefilter shouldnotonly rely ononevariancev asdefined
above. In theOlsenfilter, we usethreesuchvolatilities: vfast, v andvslow. All of themarecomputedby
eq.4.16,but they differ in their ranges∆ϑr : vfast hasa shortrange,v a medium-sizedrangeandvslow a
long range.Theexpectedvolatility is assumedto bethemaximumof thethree:

vexp ! max# vfast/ v/ vslow $ (4.18)

This is superiorto takingonly v. In caseof a market shock,therapidgrowth of vfast allows for a quick
adaptationof thefilter, whereastheinertiaof vslow preventsthefilter from forgettingvolatile eventstoo
rapidly in aquietmarket phase.

Fromtheannualizedvexp, we obtaintheexpectedsquaredchangeasa functionof thetime interval ∆ϑ
betweentwo quotes.At this point, theOlsenfilter hasa specialelementto prevent thefilter from easily
acceptingpricechangesover largedatagaps,time periodswith no quotes.Datagapsarecharacterized
by a largevalueof ∆ϑ but very few quoteswithin this interval. In caseof datagaps,anupperlimit of ∆ϑ
is enforced:

∆ϑcorr ! min " 2 � 5Q
d / max# 0 � 1Q

d / ∆ϑ $@' (4.19)

whered is takenfrom eq.4.15andQ is thenumberof valid quotesin theinterval betweenthetwo quotes;
this is explainedin section5.2.Eq.4.19alsosetsa lower limit of ∆ϑcorr in caseof averyhigh frequency
of valid quotes;this is importantto validatefasttrendswith many quotes.
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Thecorrectedquoteinterval ∆ϑcorr is now usedto computetheexpectedsquaredchangeV:

V ! V # ∆ϑcorr $+! # ∆ϑcorr % δϑ0 $ vexp % V0 (4.20)

This functionV # ∆ϑcorr $ is neededin thetrustcapitalcalculationof section4.3.1andinsertedin eq.4.11.
ThepositiveoffsetV0 is smallandcouldbeomittedin many caseswith nolossof filter quality. However,
a smallV0 5 0 is useful. Somequotesarequotedin coarsegranularity, i. e. theminimumstepbetween
two possiblequotevaluesis ratherlargeascomparedto thevolatility. This is thecasein someinterest
ratefuturesandalsofor bid-askspreads(in FX markets)which oftenhave a roundedsizeof 5, 10 or 20
basispointswith rarely a valuein between.Quoteswith coarsegranularityhave a hiddenvolatility: a
seriesof identicalquotesmayhidea movementof a sizesmallerthanthe typical granule.The termV0

thusrepresentsthehiddenvolatility:

V0 ! 0 � 25g2 % ε2
0 (4.21)

wherethe granulesize g is determinedby eq. 8.65. The whole granularityanalysisis explained in
section8.2whereit playsa morecentralrole. Thereis yet anothertermε2

0 which is extremelysmall in
normalcases.This ε2

0 is not relatedto economics;it hasthepurelynumericaltaskto keepV0 5 0.

The termε2
0 however playsa specialrole if thescalarvariableto befiltered is a (mathematicallytrans-

formed)bid-askspread.Thespreadfilter is theleastimportantfilter, but leadsto thehighestnumberof
rejectionsof FX quotesif it is configuredsimilar to thefilter of otherscalars.This fact is not accepted
by typical filter users:they wantamoretolerantspreadfilter. A closerlook shows thatdifferentcontrib-
utorsof bid-askquotesoftenhavedifferentspreadquotingpolicies.They areofteninterestedonly in the
bid or asksideof thequoteandtendto pushtheothersideoff the realmarket by choosinga too large
spread.This resultsin theso-calledbid-askbouncingandin spreadsof differentsizesbetweenneighbor
quotesevenin quietmarkets.In someminor FX markets,somecontributorsevenmix retail quoteswith
very largespreadsinto thestreamof interbankquotes.In ordernot to rejecttoo many quotesfor spread
reasons,wehave to raisethetolerancefor fastspreadchangesandrejectonly extremejumpsin spreads.
This meansraisingε2

0. TheOlsenfilter hasε0 ! constant1 # x̄ % constant2 $ , wherex̄ is definedby eq.4.4.
This choiceof ε0 canbe understoodandappreciatedif themappingof thebid-askspread,eq.6.45, is
takeninto account.

In a filter run startingfrom scratch,we setV0 ! ε2
0 andreplacethis by eq.4.21assoonasthegranule

estimateg is available,basedonrealstatisticsfrom valid quotes(asexplainedin section8.2).

4.3.3 Comparing quoteorigins

Pair filtering resultscan add somecredibility to the two quotesonly if theseare independent.Two
identicalquotesfrom thesamecontributor do not adda lot of confidenceto thequotedlevel – the fact
that an automatedquotingsystemsendsthesamequotetwice doesnot make this quotemorereliable.
Two non-identicalquotesfrom thesamecontributor mayimply thatthesecondquotehasbeenproduced
to correctabadfirst one;anotherinterpretationmightbethatanautomatedquotingsystemhasarandom
generatortosendasequenceof slightly varyingquotestomarkpresenceontheinformationsystem.(This
is why a third quotefrom onecontributor in a rapidsequenceshouldbegivenmuchlessconfidencethan
asecondone,but thissubtlerulehasnotyetbeenimplemented).Differentquotesfrom entirelydifferent
contributorsarethemostreliablecasefor pair filtering.

Thebasictool is a function to comparetheoriginsof thetwo quotes,consideringthemainsource(the
informationprovider), the contributor ID (bankname)andthe locationinformation. This implies that
availableinformationoncontributorshasavaluein filtering andshouldbecollectedratherthanignored.
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An “unknown” origin is treatedjust like anotherorigin name.The resultingindependencemeasureI Ai j
is confinedbetween0 for identicaloriginsand1 for clearlydifferentorigins. In somecases(e.g. same
bankbut differentsubsidiary),a brokenvaluebetween0 and1 canbechosen.

I Ai j is not yet the final result; it hasto be put into relationwith the generalorigin diversity of the time
series.An analysisof datafrom only oneor very few originsmustbedifferentfrom thatof datawith a
rich varietyof origins. ThegeneraldiversityD canbedefinedasa moving averageof the I Ai i 1 1 of valid
neighborquotes:

D ! EMA " tick-time/ r; I Ai i 1 1 ' (4.22)

wheretheranger (centerof gravity of thekernel)is configuredto about9.5. The“tick-time” is a time
scalethat is incrementedby 1 at eachnew quoteused;the notationof [ZumbachandMüller, 2001] is
applied. The “next point” interpolationis againappropriatein the EMA computation. Only “valid”
quotesare used; this is possibleon a higher level of the algorithm, seesection5.4.2. By doing so,
we preventD from beingloweredby badmassquotesfrom a singlecomputerizedsourceovernightor
weekend.Thuswe areprotectedagainsta toughfiltering problem:thehigh numberof badmassquotes
from a singlecontributor will not forcethefilter to acceptthebadlevel.

Theuseof D makestheindependencevariableIi j adaptive throughthefollowing formula:

Ii j ! I Ai j % f # D $ # 1 ) I Ai j $ (4.23)

with

f # D $+! 0 � 0005% # 1 ) D $ 8
2 � 001

(4.24)

If the diversity is very low (e. g. in a single-contributor source),this formula (reluctantly)raisesthe
independenceestimateIi j in order to allow for somepositive trust capital to build up. For a strictly
uniformsource(I A ! D ! 0), Ii j will reach0.5,thatis onehalf of theIi j valueof truly independentquotes
in a multicontributor series.

TheoutputvariableIi j resultingfrom eq.4.14is alwaysconfinedbetween0 and1 andis generallyused
in eq.4.14.Somespecialcasesneedaspecialdiscussion:� Repeatedquotes. Rarely, the raw datacontainslong seriesof repeatedquotesfrom the same

contributor, andtheobtainedvalueof Ii j maystill be too high. Solution: in theOlsenfilter, this
caseis handledby aspecialfiltering elementdescribedin section8.2.� High-quality data. In Olsen’s database,we have completedandmergedour collecteddatawith
someold, historical,commerciallyavailabledaily datathat wasof distinctly higherquality than
thedatafrom a single,average-qualitycontributor. Whencomparingtwo quotesfrom this histor-
ical daily data,we forcedI Ai j ! 1 althoughthesequotescamefrom thesame“contributor”. This
specialfiltering elementis necessaryonly if therearehuge,proven quality differencesbetween
contributors;otherwisewe canomit this.� Only in multivariatefiltering (which is not includedin the currentOlsenfilter, seesection8.4):
Artificial quotesthatmight be injectedby a multivariatecovarianceanalysisshouldhave I Ai j ! 1
whencomparedto eachotheror to any otherquote.
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market k tstartB k tendB k
(East)Asia 1 21:00 7:00

Europe 2 6:00 16:00

America 3 11:00 21:00

Table4: Daytimes limiting the active periods of three generic, continent-wide markets; in Greenwich
Mean Time (GMT). The scheme is coarse, modeling just the main structure of worldwide financial
markets. The active periods differ according to local time zones and business hours; the Asian
market already starts on the day before (from the viewpoint of the GMT time zone).

4.4 A time scalefor filtering

Time playsa role in theadaptive elementsof the level filter aswell asin almostall partsof thechange
filter. Variablechangesaretoleratedmoreeasilywhenseparatedby a large time interval betweenthe
timestamps.Whenusingtheterm“time interval”, weneedto specifythetime scaleto beused.

Thealgorithmworkswith any time scale,but somearemoresuitablethanothers.If we toleratequote
level changesof thesamesizeover weekendhoursthanover working hours,we have to acceptalmost
any badquotefrom thefew weekendcontributors. Theseweekendquotesaresometimestestquotesor
otheroutliersin theabsenceof a liquid market. Thesamedangerarisesduringholidays(but holidays
maybeconfinedto individual countries).

The choiceof the time scaleis important. Accountingfor the low weekend activity is vital, but the
exacttreatmentof typicalvolatility patternsduringworkingdaysis lessimportant.Therefore,wecannot
acceptusingonly physicaltime (= calendar/clocktime),but thefollowing solutionsarepossible:

1. A very simplebusinesstime with two states:active (working days)andinactive (weekendfrom
Friday21:00:00GMT to Sunday21:00:00GMT, plus themostimportantandgeneralholidays);
thespeedof this businesstime ascomparedto physicaltime would beeither1.4 (in active state)
or 0.01(in inactive state);

2. An adaptively weightedmeanof threesimple,genericbusinesstime scalesϑ: smoothlyvarying
weightsaccordingto built-in statistics.This is thesolutionrecommendedfor anew filter develop-
mentindependentof Olsen’s complex ϑ technology.

3. An adaptively weightedmeanof threegenericbusinesstimescalesϑ asdefinedby [Dacorognaetal., 1993];
This is thesolutionof thefilter runningat Olsen,which requiresa rathercomplicatedimplemen-
tationof ϑ-time.

For anew filter implementationoutsideOlsen,thesecondsolutioncanbetaken. It hasagoodadaptivity
withoutdependingonthecomplex ϑ technologyof Olsen.Thesecondsolutiondiffersfrom thethird one
only in thedefinitionof thebasicϑ-time scales.Their useandtheadaptivity mechanismarethesame
for bothsolutions.

Threegenericϑ-timesareused,basedon typical volatility patternsof threemainmarkets:Asia,Europe
andAmerica.In thesecondsolution,thesethetatimesaresimply definedasfollows:

dϑk

dt ! = 3 � 4 if tstartB k 7 td > tendB k on aworkingday
0 � 01 otherwise# inactive times/ weekends/ holidays$ (4.25)

wheretd is the daytimein GreenwichMeanTime (GMT) and the genericstart andend times of the
working-dailyactivity periodsaregiven by Table4; they correspondto typical observationsin several
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markets.Theactive periodsof exchange-tradedinstrumentsaresubsetsof theactive periodsof Table4.
Thetime scalesϑk aretime integralsof dϑk 3 dt from eq.4.25. Thusthetime ϑk flows eitherrapidly in
active market timesor very slowly in inactive times; its long-termaveragespeedis similar to physical
time. The implementationof eq.4.25requiressomeknowledgeon holidays.Thedatabaseof holidays
to beappliedmayberudimentary(e. g. just Christmas)or moreelaborateto cover all mainholidaysof
thefinancialcenterson thethreecontinents.Theeffect of daylightsaving time is neglectedhereasthe
market activity modelis anyway coarse.

In Olsen’s in-housesolution,thethreeϑk-timesaredefinedaccordingto [Dacorognaetal., 1993]; effects
like daylightsaving time andlocal holidays(i. e. characteristicfor onecontinent)arecovered.Theac-
tivity in themorningof thegeographicalmarketsis higherthanthatin theafternoon– a typicalbehavior
of FX ratesand,evenmoreso,interestrates,interestratefuturesandotherexchange-tradedmarkets.In
bothsolutions,thesharplydefinedopeninghoursof exchange-tradedmarketscannotfully bemodeled,
but theapproximationturnsout to besatisfactoryin filter tests.Olsenis currentlytestingan improved
versionof ϑ-time wheresuddenchangesof market activity over daytimecanbemodeled.

Oncethe threescalesϑk aredefined(by the integralsof eq. 4.25 in our suggestion),their adaptively
weightedmeanis constructedandusedasthe time scaleϑ for filtering. This ϑ-time is ableto approx-
imatelycapturethedaily andweeklyseasonalityandtheholiday lows of volatility. Absoluteprecision
is not requiredasϑ is only oneamongmany ingredientsof thefiltering algorithm,many of which are
basedonrathercoarseapproximations.This is thedefinitionof ϑ-time:

ϑ ! ∑
all k

wk ϑk (4.26)

with

∑
all k

wk ! 1 (4.27)

where“all k” means“all markets”. This is 3 in our case,but the algorithmalsoworks for any other
numberof genericmarkets. The weightswk are adaptive to the actualbehavior of the volatility. A
high wk reflectsa high fitnessof ϑk, which implies that thevolatility measuredin ϑk haslow seasonal
variations.

The determinationof the wk might be donewith complicatedmethodssuchas maximumlikelihood
fitting of a volatility model. However, this would be inappropriate,given theconvergenceproblemsof
fitting andtheanyway existingmodelinglimitationsof eq.4.26.Theheuristicmethodof theOlsenfilter
alwaysreturnsanunambiguoussolution. Thevolatility of changesof thefilteredvariableis measured
on all ϑk-scalesin termsof avariancesimilar to eq.4.16:

σk ! EMA " ∆ϑsmooth;
# δx$ 2

δϑk % δϑ0
' (4.28)

whereδϑk is theinterval betweenvalidatedneighborquotesin ϑk-time,δx is thecorrespondingchange
of thefilteredvariable,δϑ0 is definedby eq.4.17andthetimescaleof theEMA is ϑk-time. Thenotation
of [ZumbachandMüller, 2001] is againused. Smoothingwith a short range∆ϑsmooth is necessaryto
diminish the influenceof quote-to-quotenoise. The EMA computationassumesa constantvalue of# δx$ 2 3C# δϑk % δϑ0 $ for thewholequoteinterval, thismeansthe“next point” interpolation[Müller, 1991,
ZumbachandMüller, 2001].
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The scalar filtering window moves forward in time by integrating new scalar quotes and dismissing
old ones.

Figure3: Schematic scalar filtering window

Thefluctuationsof thevariableσk indicatethebadnessof the ϑk model. In thecaseof a badfit, σk is
oftenverylow (whentheϑk-scaleexpandstime)andsometimesveryhigh(whentheϑk-scalecompresses
time). Thefluctuationsarequantifiedin termsof thevarianceFk:

Fk ! EMA " ∆ϑr ; # σk ) EMA " ∆ϑr ; σk 'I$ 2 'J! (4.29)

! MVar" ∆ϑr / 2; σk '
in the notationof [ZumbachandMüller, 2001], wherethe time scaleis againϑk-time. The range∆ϑr

hasto besuitablychosen.In our heuristicapproximation,thefluctuationsdirectly definetheweightof
thek’ th market:

wk ! 1

Fk ∑all kK 1
FkK (4.30)

whichsatisfieseq.4.27andcanbeinsertedin eq.4.26.
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5 The scalarfiltering window

The filter is usinga whole neighborhoodof quotesfor judging the credibilities of scalarquotes: the
scalarfiltering window. This window coversthesetof all quotesof a time seriesthatarecontainedin
a time interval. In thecourseof theanalysis,new quotesareintegratedandold quotesaredismissedat
thebackendof thewindow following a certainrule. Thusthewindow is moving forwardin time. This
mechanismis illustratedby Figure3.

All the scalarquoteswithin the window have a provisional credibility value which is modified with
new incoming quotes. When the quotesleave the window, their credibilities are regardedas finally
determined.Sufficiently crediblequotesarethenusedto updatethestatisticsneededfor adaptivity.

At the initialization of a filter from scratch,thewindow is empty. Whenthefirst scalarquoteenters,it
cannotbefilteredby pair filtering yet,only thelevel filter applies.

5.1 Entering a new quote in the scalar filtering window

Wheneveranew scalarquoteentersthewindow, ananalysisis madebasedonearlierresultsandthenew
quote.

Therearetwo possiblewaysin whichanew quoteentersthescalarfiltering window:

1. The normalupdate:A new scalarquotefrom the datasourceenters,is analyzedandfinally be-
comesthenewestmemberof thescalarfiltering window. Thewindow variablesareupdatedac-
cordingly. Theseoperationsaredescribedby sections5.2and5.3.

2. A filter test: A new scalarquotefrom any sourceis merelytested.It is analyzedasin a normal
update,but it doesnot becomea memberof thewindow. No window variableis changedby this
test. Thuswe executethestepsof section5.2 andavoid thoseof section5.3. The resultingtrust
capitalof thenew scalarquoteis returned.

5.2 Analyzing a newquote in the scalarfiltering window

5.2.1 Computing the trust capital of a new quote

Thealgorithmof thefiltering window is organizedin aniterative way. Whenever a new quoteentersthe
window, anupdateis madebasedonearlierresultsandananalysisof thenew quote.

Whenthenew, ith scalarquotearrives,it alreadysatisfiescertainbasicvalidity criteria(e.g. apriceis not
negative) andhaspossiblybeentransformedto a logarithmicvalue. This is ensuredby thehigher-level
quotesplitting algorithmexplainedin section6. The following filtering operationsaredonewith the
incomingith scalarquote:

1. ThebasetrustcapitalTi0 is computedastheresultof thelevel filter, eq.4.6,if thescalarquoteis a
bid-askspread.Otherwise,Ti0 ! 0. TheresultingTi0 of eq.4.6 is multiplied hereby a configured
constantclevel thatdeterminestheimportanceof level filtering.

2. Thenew quoteis comparedto all old quotesof thewindow throughpairfiltering stepsasdescribed
in section4.3. The trust capitalsTi j resultingfrom eq.4.13determinethe trust capitalTi of the
new quoteandalsoaffect thetrustcapitalsTj of theold quotes.
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For computingTi j , weneedtheexpectedsquaredvaluechangeV from eq.4.20and∆ϑcorr from eq.4.19
andthereforethenumberQ of valid quotesin thetime interval from quote j to quotei. For this,we use
thevalid-quoteageQ j of theold quotes:

Q ! Q j % 1; (5.31)

Theincrementby 1 standsfor thenew quotewhich is notyet integratedin thewindow. Thecomputation
of Q j is explainedat theendof section5.3. Theresultingvalueof Q is insertedin eq.4.19.

Thetrustcapitalof thenew, ith quoteis computedin anadditive wayasfollows:

T Ai ! clevel Ti0 % i 1 1

∑
j L i 1 n

Cj Ti j (5.32)

T A is not termedT becauseit is not yet the final resultingtrust capital in somecases.Eq. 5.32 is a
weightedsumwith weightsCj ! C # Tj $ from eq.4.1 which arethe currentcredibilitiesof the n other
quotesof thewindow.

The numbern of quotesusedfor comparisonto the ith quotehasan influenceon the trust capitaland
thusthecredibility. Thehigherthevalueof n, thehigherthetrustcapitalaccordingto eq.5.32(provided
thatwe arein a seriesof gooddata).This effect reflectsreality: themorecomparisonsto otherquotes,
the morecertainour judgmenton credibility. However, the trust capitalcannotbe extendedinfinitely
by increasingn, as to be explained. If somemoredistantquotesareused,the trust capital gainsTi j

arerapidly decreasingin absolutevalue,thanksto a termproportionalto # ∆ϑi j $ 3 in thedenominatorof
eq.4.13.Thechoiceof n is furtherdiscussedin section5.4.

Eq. 5.32 is a conservative conceptinsofar as it judgesthe credibility of a new quotein light of the
previously obtainedcredibilitiesCj of theearlierquotes.In thecaseof anunusuallylargerealmove or
pricejump,new quotesona new level might berejectedfor a too long time.

5.2.2 The trust capital in an “after -jump” situation

The Olsenfilter hasa specialmechanismto dealwith “after-jump” situations.This may leadto a re-
evaluationof thesituation,acorrectionof theresultingtrustcapitalTi andaquicker acceptanceof anew
level aftera jump.

The first stepof the after-jump algorithmis to identify the locationof a possiblereal jump within the
scalarfiltering window. This is doneduringthecomputationof eq.5.32.At every j, we testwhetherthe
incompletesumof thatequation,

T Ai B at j ! Ti0 % j 1 1

∑
j KML i 1 n

Cj K Ti j K (5.33)

is lessthanthecritical valueTcrit:

Tcrit ! µclevel Ti0 ) 1 (5.34)

(whereµ is definedbelow). At thesametime,wetestTi j 5 0 (this indicateshaving reachedanew, stable
level afterthejumpratherthananoutlier). At thefirst j wherebothconditionsaresatisfied,weconclude
that a valuejump musthave taken placesomewherebeforequote j ) 1. Although this jump certainly
happenedbeforequote j, wedefine j jump ! j becausethis is theindex of thefirst quotewherewehavea
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reasonto believe that thejump wasreal. In orderto validatethis possiblyrealvaluejump, we initialize
analternativetrustcapitalT A Ai :

T A Ai B at jjump ! Tcrit ) 0 � 5 % µ # T Ai B at j ) Tcrit $ (5.35)

We dilute the normal trust capitalT Ai B at j by a small dilution factorµ. Wheninitializing the filter from
scratch(beforehaving seensome10 acceptablequotes),we choosea slightly largerµ valuein orderto
prevent thefilter from beingtrappedby an initial outlier. Theoffset term ) 0 � 5 in eq.5.35preventsthe
alternative hypothesisfrom beingtooeasilyaccepted.For all valuesof j ? j jump, we set

T A Aj ! µ Tj (5.36)

andinsertthesedilutedtrustcapitalsT A Aj of old quotesin eq.4.1; theresultingcredibilitiesCA Aj areusedto
completethecomputationof thealternative trustcapitalT A Ai :

T A Ai ! T A Ai B at jjump % i 1 1

∑
j L jjump

CA Aj Ti j (5.37)

analogouslyto eq.5.32.Thanksto thedilution effect,T A Ai is lessdeterminedby old credibilitiesthanT Ai .

Now, we decidewhetherto take the normal, conservative trust capital T Ai or the alternative T A Ai . The
resulting,final trustcapitalis

Ti ! = T A Ai if T A Ai 5 T Ai and T A Ai 5 0
T Ai otherwise

(5.38)

Thealternativesolutionwinsif its trustcapitalexceeds0 andthetrustcapitalof theconservativesolution.

ThetrustcapitalTi of thenew quoteis theendresultof a purefilter test.In thecaseof a normalupdate,
thewindow hasto beupdatednow.

5.3 Updating the scalar filtering window with a new quote

A new quoteaffectsthetrustcapitalsof theold quotesof thewindow. Themostdramaticchangehappens
in thecaseof acceptingthealternative hypothesisaccordingto eq.5.38. In this case,a realvaluejump
is acknowledged;this leadsto amajorre-assessmentof theold quotes.First, thepairwisetrustcapitalof
quotecomparisonsacrossthejump is diluted:

TcorrB i j ! = µTi j for j > j jump

Ti j otherwise
(5.39)

In thenormalcasewith no jump,TcorrB i j ! Ti j . Then,thequotesafterthenewly detectedjumpgetanew
chance:

Tj B new ! = µTj if j ? j jump and Tj > 0
Tj otherwise

(5.40)

In thecaseof a jump,thisnew valueTj B new replacesTj .

In everycase,whetherthereis ajumpor not,thetrustcapitalsof all quotesarefinally updatedin additive
way, in thespirit of eq.5.32:

Tj B new ! Tj % Ci TcorrB i j / for j ! i ) n ����� i ) 1 (5.41)
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whereCi ! C # Ti $ follows from eq.4.1,insertingthenewly obtainedTi (from eq.5.38).TheresultTj B new

of eq.5.41is replacingtheold valueTj . It shouldalsobeclarifiedthatthedilutedvaluesT A Aj from eq.5.36
arenever directlyusedto modify thetrustcapitalsTj .

In historicalfiltering, eqs.5.39 - 5.41may leadto the rehabilitationof an initially rejectedold quote.
Evenin real-timefiltering, thecorrectedtrustcapitalof anold quoteindirectlycontributesto thefiltering
of new quotesthrougheq.5.32andthroughtheuseof only sufficiently credibleold quotesin thestatistics
of adaptive filtering.

Thevalid-quoteageQ j of all theold quotesis alsoupdated:

Q j B new ! Q j % Ci / for j ! i ) n ����� i ) 1 (5.42)

whereCi ! C # Ti $ . Themorecrediblethenew quote,thehighertheincrementof thevalid-quoteageQ j .

After all theseupdates,thenew quotewith index i andwith its newly computedtrustcapitalTi is inserted
in thewindow asits newestmember, with thevalid-quoteageQi initialized to zero.

5.4 Dismissingquotesfr om the window and updating the statistics

5.4.1 The quotedismissalrules

The window doesnot grow infinitely. Thereis a rule for dismissingscalarquotesat the endof every
normalupdateasdescribedin section5.3. Therearethreecriteriafor apropersizeof thewindow: (1) a
sufficient time interval, (2) a sufficient numberof quotes,(3) a sufficient overall credibility of all scalar
quotes.Thesecriteriaarelistedherein thesequenceof increasingimportance.

In ourgeneralquotedismissalrule,weusetheproductof thecriteria.At theendof anupdatewith anew
quote,thefollowing conditionfor dismissingtheoldestquote(with index i ) n) is evaluated:

# ϑi ) ϑi 1 nE 1 $ n2 # n 1 1

∑
j L 0

Ci 1 j $ 6 ? W (5.43)

The sum of credibility, the overall credibility, is the most importantcriterion and is thereforeraised
to the 6th power. The configurationparameterW definesthe sufficient size of the window and has
the dimensionof a time. The parameterW is somehow relatedto the parameterν of eq. 4.13 which
determinesa sortof a filtering range.Choosinga very largeW whenν is limited doesnot adda lot of
valuebecausethedistantquoteshave anegligible weightin thiscase.

A few considerationsmayillustratethebehavior of eq.5.43.If thedatain thewindow is of goodquality,
thewindow is of small size. As soonasa clusterof low-quality or doubtfuldataentersthewindow, it
will grow (sometimesto avery largesize)until thesituationbecomesclearerandmostold quotescanbe
dismissedagain.In thecaseof asparsetimeseries,thewindow maycontainfew quotesbut thesequotes
will extendfurtherin time thanfor adensetimeseries.

After dismissingthe oldestquotewhen eq. 5.43 is fulfilled, the whole quotedismissalprocedureis
repeatedaslongastheremainingwindow still satisfieseq.5.43.

In very rarecases,thewindow grows to avery largesizeandthefiltering algorithmbecomesslow. This
problemandOlsen’s solutionarediscussedin section5.4.3. Aside from this, an othersafetymeasure
is taken by theOlsenfilter: an oldestquoteolder than300daysis dismissedfrom thewindow even if
eq.5.43is not fulfilled, aslong astheremainingwindow still hasat leasttwo quotes.
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Dismissedscalarquotesarealsoreportedto thehigherlevel of thefiltering algorithm.This is necessary
in thecaseof historicalfiltering for producingthefinal filtering results.

5.4.2 Updating the statistics

Whena scalarquoteis dismissedfrom thewindow, its credibility Ci hasreacheda final valuethatwill
no morebe changed:Ci ! C # Ti $ asresultingfrom eq.4.1. This is the right momentto updateall the
statisticsneededfor theadaptivity of thefilter.

Invalid quotesareexcludedfrom thesestatistics,they aresimply ignoredwhenupdatingthestatistical
variables.We seta critical credibility level Ccrit; only quoteswith credibility valuesaboveCcrit areused
for updatingthestatistics.However, we shouldnot be too rigid whenexcludingquotes.Thefilter has
to adaptto unexpectedeventssuchassuddenvolatility increases,but this requiresincludingalsosome
mildly rejectedquotes.In fact, testshave shown thatonly thetotally invalid quotesshouldbeexcluded
here. We choosea low critical credibility level. Only in the initial phaseright after a filter startsfrom
scratch(beforehaving seensome10acceptablequotes),we take a larger, morecautiousvalue.

If adismissedquotehasacredibilityCi 5 Ccrit, weupdateall thestatistics.Theseupdatestypically imply
thecomputationof moving averageiterationformulas;thestatisticsareexplainedin sections4.2- 4.4.

5.4.3 A secondscalar filtering window for old valid quotes

Thequotedismissalruleof eq.5.43makessurethatthescalarwindow staysreasonablysmall– exceptin
caseof averylongseriesof badquotes.Suchlongseriesrarelyoccur, usuallygeneratedby computerized
quoting,e.g. repeatedor monotonicquotes.Thefiltering window technologyasdescribedsofar is well
ableto handlethis case,but thecomputationtime of thefilter grows very muchin caseof a very large
window. In realtime, thisdoesnot reallymatter, but historicalfiltering becomesslow.

For efficiency reasons,theOlsenfilter thereforesupportsasecondqueueof old valid quotes.Thenormal
scalarwindow sizeis strictly limited to a maximumnumberof quotes,but anold quotedismissedfrom
thenormalwindow is storedin a secondscalarwindow if its credibility exceedsa low thresholdvalue.
Otherwise,the dismissedquoteis treatedas any dismissedquote,as explainedbefore,including the
updatingof statisticsandthefinal reportingof its credibility.

This secondscalarwindow of old valid quotesis normally empty. As soonasoneor moredismissed
quotesarein this window, it is treatedasa prependedpart of thenormalscalarwindow in all compu-
tations. The trust capitalcomputationof eq. 5.32, for example,hasa sumover both scalarwindows,
startingat thewindow of old valid quotes.Thewindow of old valid quotesstaysandpossiblygrows as
long asthequotedismissalconditionof eq.5.43for bothscalarwindows togetheris not fulfilled. When
it is fulfilled, theoldestquoteof thescalarwindow of old valid quotesis deleted;afterdeletingall of its
quotes,thesecondwindow is againemptyandfiltering is backto thenormalmode.

Theproposedscalarwindow of old valid quotesis alsopresentedasanelementof theUML diagramof
Figure2. Notethatascalarquoteof the“oldValidQuotes”window ownsthepointerto afull tick (because
the “FullQuoteWindow” no longersupportsthis full tick at this time), whereasthescalarquotesof the
normalscalarwindow merelyhave apointerto thecorrespondingfull tick with noownership.

Theconceptof a secondscalarfiltering window for old valid quotesaddsquitesomecomplexity to the
filter but it is motivatedonly by efficiency reasons.
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6 The full-quote filtering window

The full-quote filtering window is managedon hierarchylevel 2 of Table1. It is basicallya sequence
of recentfull quotesplus a setof algorithmicmethodsof managingandprocessingthis sequence.Its
positionin thealgorithmis alsoshown in Figure2 (classFullQuoteWindow).

Thefull-quotefiltering window hasthefollowing tasks:� Splitting thequotesinto scalarquotesthatcanbeusedin thefiltering operationsof section4.� A first basicvalidity test for the filtered variables.This is usuallya domaintest,e. g. rejecting
negative prices. Rejectedscalarquotesaremarked as invalid (Ci ! 0) andeliminatedfrom all
furthertests.They do notenterascalarfiltering window.� In many cases,a mathematicaltransformationof thequotedlevel. Example:takinglogarithmsof
pricesinsteadof raw pricevalues.� Creatingindependentfiltering environmentsfor all typesof scalarquotes,eachwith its own scalar
filtering window.� Storingthecredibility of dismissedscalarquotesuntil all theotherscalarquotesbelongingto the
samefull quotehave alsobeendismissed.(The spreadfilter may dismissquotesbeforethe bid
pricefilter, for example).� Storingthefull quotesaslongastwo or morefiltering hypothesescoexist, until oneof themwins.
This is decidedby thenext higherhierarchylevel, seesection7; in theOlsenfilter, thedecision
betweenfiltering hypothesesis madefastenoughto make this pointsuperfluous.� Whena full quoteis finally dismissed,reportingit, togetherwith its filtering results,to thehigher
level (neededonly in historicalfiltering).

In principle, the full-quote filtering window alsooffers the opportunityof analyzingthosedataerrors
thataffect full quotesin away thatcannotbeanalyzedwhenjust looking at scalarquotesaftersplitting.
In theOlsenfilter tests,we have never founda goodreasonto implementthis (asidefrom thefiltering
hypothesesdiscussedin section7); thereforethereis no furtherdiscussion.

The full quotesmay entera full-quote filtering window in a form alreadycorrectedby a filtering hy-
pothesis.This factplaysno role here:thealgorithmof thefull-quotewindow doesnot careaboutquote
corrections.This is managedon ahigherlevel.

Themostimportanttaskof thefull-quotefiltering window is quotesplitting.

6.1 Quotesplitting dependingon the instrument type

Quotescanhave complex structuresasexplainedin section2.2. TheOlsenfilter follows theguideline
of quotesplitting which is motivatedby thegoalsof modularityandtransparency. Insteadof trying to
formulatecomplex algorithmsfor complex datastructures,wesplit thequotesinto scalarquotesthatare
individually filtered,wherever possible.Somefiltering operations,however, aredoneon a higherlevel
beforesplitting,asexplainedin section7.

Thequotesplittingunit hasthetaskof splitting thestreamof full quotesinto streamsof differentfiltered
variables,eachwith its scalarquotesthatareusedin thefiltering operationsof section4.
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Somequotes,suchasbid-askor open/high/low/closequotes,aresplittableby nature. In Olsen’s data
collection,only thebid-askcasematters.Many instrumentscomein theform of bid-askquotes.Other
instrumentshave single-valuedquotes.Bid-askquotesaresplit into threescalarquotes:

1. bid quote,

2. askquote,

3. bid-askspread.

Otherinstrumentshave single-valuedquoteswhichare“split” into onescalarquote:

1. the“level” quote.

Thisis notastrivial asit looksbecausequotesplittingis coupledwith two otheroperations:basicvalidity
testingandmathematicaltransformations,asexplainedbelow.

Theuserof thefilter hasto know whetheraninstrumenthassingle-valuedor bid-askquotesandhasto
selector configurethefilter accordingly.

6.2 The basicvalidity test

Many quoteshave a naturallower limit of thealloweddomain. This instrument-dependent information
hasanimpacton quotesplitting andneedsto beconfiguredby theuser. Thelower limit of theallowed
domainis calledpmin. For someinstruments,thereis no limit (or pmin !*) ∞). Thechoiceof thelower
limit is ratherobviousfor mostinstruments.Hereis a list of importantexamples:

Prices: Genuineassetpricesof whateverkind, includingFX andequityprices,arenevernegative. This
means:pmin ! 0.

FX forward premia/discounts: Unlike outrightFX forwardprices,the“forwardpoints” (or FX swap
rates)arenot pricesbut rathervaluesto be addedto prices. Therefore,they canbe negative or
positive. Thereis no lower limit (pmin !N) ∞).

Interestrates: Thesecanbeslightlynegative in practice,e.g. in thecaseof JPYinterestratestowards
theendof 1998,dependingon thecredit ratingof thequotingbank(but theseinterestrateswere
above -1%). Therearesometheoriesthatrely on interestratesstayingalwayspositive,but a filter
is notallowedto rejectslightly negativeinterestratesif thesearepostedby reasonablecontributors.
TheOlsenfilter is usingaslightly negative valueof pmin here.

Short-term interest-ratefutur es: Theseareoftenhandledasnormalprices(wherepmin ! 0), but are
definedas100%) 0 � 25f (by LIFFE, where f is theforwardinterestratefor thematurityperiod),
sothereis no lower limit (but anupperone). In practice,thefuturesquotesaresofar from 0 that
it doesnotmatterwhetherwe assumea lower limit of 0 or none.

Thechoiceof thelower limit is importantfor thefurthertreatment.

Thefollowing errorsleadto completeinvalidity:� Quotesthatviolatethemonotonicsequenceof time stamps,i. e. quoteswith a time stampbefore
thepreviously treatedquote.(In somesoftwareenvironments,this is animpossibleerror).
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� A domainerror: an illegal level p of thefilteredvariable,i. e. p > pmin (asopposedto a merely
implausiblelevel).

Invalid scalarquoteswith anerrorof this kind do notentera scalarfiltering window andarecompletely
ignoredin all furtherfiltering steps.We markthemby settingCi ! 0. This is a fundamentallystronger
statementthanmerelygiving a very low credibility asa resultof thescalarfiltering window.

In thecaseof bid-askquotes,thethreeresultingscalarquotesaretestedindividually:

1. bid quote:domainerrorif bid quotepbid > pmin.

2. askquote:domainerrorif askquotepask > pmin.

3. bid-askspread:domainerrorif pask > pbid.

Thusit is possiblethatthesamequoteleadsto a valid bid quotepassedto thescalarfiltering window of
bid pricesandaninvalid askquotethatis rejected.

Thedomaintestof bid-askspreadsneedsto be further discussed.First, we might interpretbadvalues
(pask > pbid) as the result of a sequenceerror, i. e. the contributor typedask/bidinsteadof bid/ask,
anerror that couldbecorrectedby thefilter. This interpretation,althoughbeingtrue in many cases,is
dangerousasageneralrule. Wepreferto rejectall askquotesthatarelessthanthebid quote.

Ontheotherhand,amorerigid testmightalsorejectzero spreads.In thiscasethedomainerrorcondition
would be pask 7 pbid. This is a goodconditionin many cases,well foundedby theory. However, there
arequitesomequotecontributorsto minor marketsinterestedonly in eitherbid or askor middlequotes.
Thesecontributorsoftenproduceformal quoteswith pbid ! pask. In somemarkets,suchquotesarethe
rule ratherthantheexception.A filter that rejectsall thosequotesis throwing away somevaluableand
irreplaceableinformation.

The Olsenfilter solves this problemasfollows. First, thereis a filtering option of generallyrejecting
zerospreads,i. e. thecasepbid ! pask. If theuserchoosesthis option,thequotesplitting algorithmwill
act accordingly. Otherwise,zerospreadscanbe accepted,but they have low credibilities in a market
dominatedby positive spreads.This is furtherexplainedin thenext section.

6.3 Transforming the filtered variable

Thefilteredvariableis mathematicallytransformedin orderto reachtwo goals:

1. A simpler(e.g. moresymmetric)distribution function.Thebasicfiltering operations,e.g.eq.4.6,
assumea roughlysymmetricdistribution functionof thescalarquotevalues(andtheir changes).
Somevariables,mainly the bid-askspread,have a skewed distribution function. The filtering
methodcontainsnofull-fledgedanalysisto determinetheexactnatureof thedistribution function;
that would be too much for an efficient filter algorithm. The ideaof the transformationis that
themathematicallytransformedvariablehasa moresymmetricdistribution functionthantheraw
form. For thelogarithmof bid-askspreads,thishasbeendemonstrated[Müller andSgier, 1992].

2. Stationarity: making the behavior of the variablecloserto stationary. A nominal price is less
stationarythanits logarithm;this is why mostresearchersin quantitative financeformulatetheir
modelsfor logarithmicprices. Stationarityis a strongrequirementonly for very volatile instru-
ments.If thetimeseriesis lessvolatile,thefilter canalsocopewith non-stationaryraw datathanks
to its adaptivity.
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TheOlsenfilter hassimplerulesfor themathematicaltransformationcloselyrelatedto thevalidity tests
of section6.2. Themathematicaltransformationnever fails becauseall illegal quoteshave alreadybeen
removedby thedomaintests.Thetransformedquotevalueis denotedby x andusedin many formulas
of section4.

For single-valuedquotes,bid quotesandaskquotes,thefollowing transformationis made:

x ! = log # p ) pmin $ if pmin 5O) ∞ exists
p otherwise

(6.44)

For bid-askspreads,thetransformationis

x ! xspread ! 45� 564, xask ) xbid (6.45)

wherexbid and xask are resultsfrom eq. 6.44. Eq. 6.45 hasbeenchosento return a value similar to
log # xask ) xbid $P% constantfor a wide rangeof argumentsxask ) xbid of typically occurringsizes.Indeed,
alogarithmictransformationof spreadvalueswouldbeanaturalchoice.Thereis areasonto useeq.6.45
ratherthana logarithmictransformation:the treatmentof zerospreadsasalreadydiscussedat theend
of section6.2. A logarithmic transformationwould make zerospreadsimpossible(as log # 0$Q!R) ∞).
Wheninsertinga zerospreadin eq.6.45,we obtainthe legal resultx ! 0. This valueis quite far away
from typical rangesof valuesobtainedfor positive spreads,soits credibility is likely to below in normal
situations.Whenzerospreadsbecomeausualevent,thefilter will acceptthemafterawhile.

7 Univariate filtering

Univariatefiltering is thetop level of theOlsenfilter. All themainfiltering functionsaremanagedhere.
This is alsoshown in Figure2 (classUnivarFilter).

Thefull-quotefiltering window with its quotesplitting algorithmof section6.1 is on a lower hierarchy
level (seeTable1). Thusthe univariatefilter seesfull quotesbeforethey aresplit; it hasaccessto all
componentsof a full quotein their raw form (i. e.not mathematicallytransformedasin section6.3). Its
positionon topof thefiltering algorithmis alsoshown in Figure2 (classUnivarFilter).

Thetasksof univariatefiltering are:� Main configurationof afilter.� Analyzingthosedataerrorsthataffectnotonly individualquotesbut awholecontinuoussequence
of quotes.Thepresence(or absence)of sucha generalerrordefinesthefiltering hypothesis. Two
suchcaseswerefoundin financialdataandarethereforecoveredby theOlsenfilter:

1. Decimalerrors:a wrongdecimaldigit of thequote,correspondingto a constantoffset from
thetruequote.

2. Scalingfactor: thequotedeviatesfrom the true level by a constantfactor, oftena power of
10.

Both casesarefurtherdiscussedbelow.� Creatinganew full-quotefiltering window for anewly detectedfiltering hypothesis.� Managingfiltering hypothesesandtheir full-quotefiltering windows duringtheir lifetimes,select-
ing thewinning hypothesis.
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� In thecaseof an errorhypothesis:correctingtheerrorof new incomingquotesaccordingto the
hypothesisandpassingthecorrectedquotesto thefull-quotefiltering window.� Packagingthe filtering resultsto be accessedby the user. The timing of the filtering output is
differentin historicalandreal-timefiltering asto beexplained.� Recommendingasuitablebuild-up periodof thefilter prior to thedesiredstartdateof thefiltering
result production,basedon the filter configuration. A discussionof this task can be found in
section9.1.

The errorsaffecting a continuoussequenceof quotescannotbe sufficiently filtered by the meansde-
scribedin theprevioussections;they poseaspecialchallengeto filtering. Thedangeris thatthecontinu-
ousstreamof falsequotesis acceptedto bevalid afterawhile becausethis falseseriesappearsinternally
consistent.

A filtering hypothesisis characterizedby onegeneralassumptionon an error affecting all its quotes.
This canleadto anotherunusualproperty. Sometimesthecauseof theerror is soclearandthesizeof
theerrorsoobviousthatquotescanbecorrected. In thesecases,thefilter producesnotonly credibilities
andfiltering reasonsbut alsocorrectedquotesthatcanbeusedin furtherapplications.This is discussed
furtherbelow.

Theerrorsleadingto a filter hypothesisarerare. Beforediscussingthedetails,we shouldevaluatethe
relevanceof this filtering elementin general. Suchan evaluationmay leadto the conclusionthat the
filtering hypothesisalgorithmis notnecessaryin anew implementationof thefilter.

Decimalerrorshavebeenthedominanterrortypein thepage-baseddatafeedfrom Reutersin 1987-1989.
In lateryears,they havebecomerare;they hardlyexist in moderndatafeeds.Thefew remainingdecimal
errorsin the1990soften wereof shortdurationso they could successfullybe filtered alsothroughthe
standarddatafilter. Thusthereis noconvincing casefor addingadecimalerrorfilter algorithmto afilter
of moderndata.TheOlsenfilter neverthelesshasadecimalerrorfilter becauseit is alsousedfor filtering
old, historicaldata.

The scalingfilter is alsosuperfluousif the userof the filter hasa goodorganizationof raw data. If a
currency is re-scaled(e. g. 1000old units= 1 new unit asin thecaseof theRussianRuble),a company
with gooddatahandlingruleswill not needthefilter to detectthis; this re-scalingwill beappropriately
handledbeforethefilter seesany scalingproblem.At Olsen,re-scaledcurrencies(or equityquotesafter
a stocksplit) aretreatedasa new time series.However, the transitionbetweenthetwo definitionsmay
notbeabrupt,andtheremaybeamixtureof quotesof bothscalingtypesfor awhile. A scalinganalysis
within thefilter canserveasanadditionalelementof safetyto treatthiscaseanddetectunexpectedscale
changes.This is thepurposeof thescalinganalysisin Olsen’s filter.

Thereis thepossibilityof having coexisting hypotheses,for examplethehypothesisof having adecimal
errorandthehypothesisof having none.This featureof thefilter architectureis not usedby theOlsen
filter. In Olsen’s filter, an immediatedecisionin favor of onehypothesisis alwaysmade,sothereis no
needto storetwo of themsimultaneously.

Althoughthefiltering hypothesisalgorithmsmaynot beneededin a new filter development,this docu-
mentcontainsadescriptionof thesealgorithms.Notethatall thesealgorithmsareexecutedfor eachnew
quotebeforequotesplitting.

7.1 Decimal error filter

Thedecimalerror[Müller, 1989, Rukkers,1991] is theonly well-known, relevanttypeof ageneralerror
affecting whole quotesequences.(Scalechangescannotbe callederrorsasthey areusuallymadefor
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goodreasons).

Thedecimalerrorasa persistentphenomenonis causedby dataprocessingtechnologiesusinga cache
memory. This meansintermediarystorageof databy the dataprovidersor their software installedat
customers’sites. The datacustomersseesa quoteextractedfrom this cachememoryratherthan the
originalquoteor its directcopy. Theerrorhappenswhencachememoriesareupdatedby partialupdates
ratherthanfull refreshmentsof cachedquotes.Theuseof partialupdatesis motivatedby minimization
of messagesizes.If oneof theseupdatemessagesgetslostandthefollowing updatessucceed,theresult
in thecachememorycanbewrong,e. g. a decimalerror. Unfortunately, this errormaystayfor a long
timeoncepartsof thecachearewrong.

Let usnow look at a practicalexample:thedecimalerrorstypical for page-baseddatafeedsof Reuters
in thelate1980s.Assumeanoriginal,correctquote,1.5205/15,in thecachememory(format:bid price/
askprice,lasttwo digits). Thispriceis updatedby apartialupdatemessage,“198/08”, placedat theend
of theinitial quotelocation,with theintentionto storethenew quote1.5198/08.Thisupdateis lostnow,
the quotein the cachestays1.5205/15.The next updatemessageis “95/05”, placedat the endof the
initial quote,with theintentionto storethenew quote1.5195/05.Theresultingbadquotein thecacheis
1.5295/05becausethe“big” decimaldigit “2” hassurvived in thecache.This is a decimalerror: a shift
by 0.01which is apowerof 10.

It seemsthatdecimalerrorsaremuchlesslikely to occurin record-baseddatafeedsthanin page-based
feeds.However, theremaybe hiddencachemechanismsalsoin the informationprocessingof record-
baseddatafeeds;this shouldbe investigated.If thereis no cacheor similar mechanismin the whole
environmentof datato befiltered,thedecimalerrorfilter canbeomitted.

The Olsenfilter containsa decimalerror filter. At the very beginning, it alwaysassumesthe default
stateof no decimalerror. Every new, incomingquotecanbe distortedby a decimalerrorandis tested
accordingly. The test for enteringa decimalerror focuseson somecharacteristicfeaturesof the error
generationmechanismasdescribedabove. Thefollowing criteriaaretestedin sequence:� Sizeof thejump: thevaluechanged betweenthepreviousquoteandthenew quoteis computed.If0 d 0 is closeto apowerof 10 (preferablyslightly below), thedecimalerrorhypothesisis supported.

The test is 0 d 0M3 p 5 0.6999,where p ( 5 0 d 0 ) is the next larger power of 10, also with negative
exponent.In our example,thebid pricechangeis from 1.5205to 1.5295,sod ! 0.0090, 0 d 0M3 p !
0.9,andthedecimalerrorhypothesisis supported.� Sizeof thetimeinterval: supportthedecimalerrorhypothesisonly if theinterval from theprevious
quoteto thenew quoteis lessthan70 minutes.In Olsen’s practicalexperience,decimalerrorsdo
nothappenover long time gaps.� Validity of the correctedquote: the correctedquoteis computed,assumingtherewasa decimal
errorwith shift of sizep. Thiscorrectedvaluemustpassthevalidity testof section6.2.� Credibility advantage:thedecimallycorrectedvalueshouldbemuchmorecrediblethanthe raw
value.If this is not thecase,thedecimalerroris rejected.� Critical digit: in thelifetime of a decimalerrorgeneratedby themechanismdescribedabove, the
baddecimaldigit (“2” in our example)staysthe same. This is also tested. However, this test
may fail for incompleteaskquotesof a truedecimalerror, asin thetypical quotingstyleusedin
page-basedfeeds,like 1.5295/05.This quoteis expandedto 1.5295/1.5305.Therefore,theOlsen
filter requiresthecritical digit testto succeedjust for thebid quote,not for ask.

A decimalerroris acceptedonly if it is confirmedby all thesetests.Thecredibility advantagetestneeds
a furtherexplanation.Decimalerrorsarerare,andwe shouldnot acceptspuriousdecimalerrors,sothe
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credibility advantagein their favor mustbeoverwhelmingin orderto confirmthem. Thefollowing test
is used:

Traw > ) 0 � 1 ) " 4 ) min # Tcorr / 4$(' 2 (7.46)

This meansthatacceptableuncorrectedquoteswith Traw 5S) 0 � 1 will never berejectedin favor of dec-
imally correctedquotes. The two trust capitalsTraw (of the raw, uncorrectedquote)andTcorr (of the
correctedquote)resultfrom eq.5.38aftera mathematicaltransformationof theraw or correctedquote
by eq. 6.44. Herewe have a casewherethe trust capitalof new quotesis computedjust for testing,
withoutupdatingany variableof thescalaror full-quotewindows. This is explainedat thebeginningof
section5.1.

Thecaseof bid-askquotesis morecomplicated.Thebid andaskquotesaretestedindependently, but the
critical digit testis omittedfor theaskquote,asexplainedabove. If bothhave a decimalerror, we test
whetherthey have thesameerror, i. e. whethertheir valuechangesd have thesamesignandthesame
power of 10, p. Thentheerroris acommondecimalerror. Otherresultsarealsopossible:decimalerror
for bid quote,for askquotealoneor independentdecimalerrorsfor bid andask.(In thelasttwo cases,the
critical digit testmustsucceedalsofor askquotes).Olsen’s testshave shown that thecommondecimal
error is theonly decimalerror typeof bid-askquotesthat really needsto be tested.All theothertypes
areof shortdurationso they canbecoveredalsoby thenormalfilter (or they arespurious).Therefore,
we recommendtestingonly for commondecimalerrors.

Oncea decimalerror is found, the decimalerror hypothesisis acceptedandthe new quotesenterthe
full-quote filtering window in correctedform. This is alsotrue for all successorquotesuntil the deci-
mal error hypothesisis terminated.This is the placewherethe coexistenceof two full-quote filtering
windows could start: we might have onewindow with correctedquotesandanother, parallelwindow
with uncorrectedquotes.This would be thebestsolutionin doubtful cases:there,we could keepboth
hypothesesalive until somelaterquoteswould give clearevidencein favor of oneof them. Thanksto
thelow importanceof decimalerrors,theOlsenfilter doesnot needto usethis possiblebestsolution. It
alwaystakesanimmediatedecision,eitheragainstthedecimalerroror, if all theconditionsarefulfilled,
for thedecimalerror. Thusit doesnotneedto conductparallelfull-quotefiltering windows.

Thedecimalerrorhypothesis,onceaccepted,canbeterminatedonly if someterminationconditionsare
fulfilled. For every new quote,thefollowing testsaremadein sequence:� Time-out:adecimalerrorhypothesisolderthan2 full daysis terminated.� Back-jump:thevaluechanged betweenthepreviousquoteandthenew quoteis computed.If d

hastheoppositesignof thed at thestartof thedecimalerrorand 0 d 0M3 p 5 0.4999,weprobablysee
theback-jumpfrom thebadlevel to thetruelevel. This leadsto a terminationof thedecimalerror
only if thenext testis alsopassed.� Credibility advantage:this test is only executedif the previous testfinds a probableback-jump.
Thedecimallycorrectedvalueshouldbemuchlesscrediblethantheraw value.If this is thecase,
thedecimalerroris terminated.� Critical digit: if thecritical digit changes,thedecimalerroris immediatelyterminated.In thecase
of bid-askdatawith a commondecimalerror, this test is madefor the bid quoteonly. The ask
quote,if expandedfrom anincompletequotingformatsuchas1.5295/05,maychangethecritical
digit alsowhile stayingin a decimalerror.

The credibility advantagetest for the back-jumpis lessrigid thanthe test for jumping into a decimal
error, eq.7.46.Thefollowing testfor terminatinga decimalerroris used:

Tcorr > 0 � 3 ) 0 � 5 " 4 ) min # Traw / 4$(' 2 (7.47)
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Thetwo trustcapitalsTraw (of theraw, uncorrectedquote)andTcorr (of thecorrectedquote)againresult
from eq. 5.38 after a mathematicaltransformationof the raw or correctedquoteby eq. 6.44. These
computationsaredonejust for testinganddonot leadto any updatesof thescalaror full-quotewindows.

After the terminationof a decimalerror, the filter will continueits normal operationsusing the raw,
uncorrectedform of the quote. This is also true for the following quotes,but eachonewill againbe
testedby theentryconditionsof anew decimalerror.

7.2 Scalinganalysisin the filter

Somequotesarescaledby aconstantfactorascomparedto thelevel of theearlierquotes.Thereis often
a goodreasonfor this scalefactor: changedquotinghabits(e. g. quotingthevalueof 1 DEM in NOK,
NorwegianCrowns,insteadof thevalueof 100DEM) or re-definitionsof currencies(e.g.1 new Russian
Ruble= 1000old Rubles).If thisdatais sentto thefilter with nointervention,thestandardfilter justsees
ahugepricejump which it hasto reject.

TheOlsenfilter analyzesandpossiblycorrectsthosescalingfactorsthatarepowersof 10. Otherfactors
arealsopossible(seesection8.3.1)but noteasilytractable.

The scalinganalysisalwaysstartsfrom the previous scalefactorSprev. At initialization from scratch,
this is of courseSprev ! 1. The new quote p is checked in comparisonto the old quote pprev. (At
initialization from scratch,pprev is initialized to the first incomingquotevalue). Normally, p3 pprev ?, 0 � 1 and p3 pprev > , 10. (Squareroots of 10 are usedin thesetestsas naturalseparatorsbetween
factorsof 10). In rarecases,oneof theseconditionsis violated. If p andpprev have differentsigns,the
wholeanalysisis stoppedandtheold factorSprev is kept. Otherwisethepower of 10,10n is determined
that satisfies10np3 pprev ? , 0 � 1 and 10np3 pprev > , 10. The newly proposedscalingfactor is then
10nSprev.

This new scalingfactormustbeconfirmedby further teststo beaccepted.In somecases,a quotelevel
changeof a factor10 or morecanbenaturalfor a time series.Examples:anFX forwardpremiumcan
easilyandquickly shrink from 10 to 1 basispoint; Japaneseinterestrateswereso low that they could
easilychangefrom 0.06%to 0.6%betweentwo quotes(especiallyif thesetwo quotescamefrom banks
with differentcreditratings).In thesecases,anew scalefactorwouldbespurious;correctingby it would
bewrong.

Thuswe first testwhetherthe new quotescaledby the previous factorSprev would be rejectedby the
filter:

ToldFactor > = ) 17 if 10n ! 10 or 10n ! 0 � 1) 5 otherwise
(7.48)

whereToldFactor is obtainedfrom eq.5.38. As in thedecimalerrorfilter, T is computedjust for testing,
without updatingany variableof the scalaror full-quote windows. The conditionof eq.7.48mustbe
fulfilled in orderto givethenew scalingfactorfactorachance.It is particularlystrongif thescalechange
is by a factor10 or 0.1,for two reasons.A scalechangeby a factor10 or 0.1 is

1. extremelyrare(thereis no known casein theFX, IR andmany othermarkets);

2. morelikely thanany otherscalechangeto bea truemoveof thequotevalue,asin theexampleof
theJapaneseinterestratesmentionedabove.

If thenew quotescaledby thepreviousscalingfactoris rejected,we needyet anothertest:doesthenew
quotescaledby thenew factor10nSprev have a superiorcredibility? We computeTnewFactor in thesame
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wayasToldFactor andtestthefollowing condition:

TnewFactor 5 = ToldFactor % 20 if 10n ! 10 or 10n ! 0 � 1
ToldFactor % 8 otherwise

(7.49)

Again, theconditionis particularlystrongif thescalechangeis by a factor10or 0.1. If it is fulfilled, the
new scalingfactor10nSprev of thequotedvalueis accepted.

For bid-askquotes,this scalinganalysisis madefor both the bid andaskquotes. A scalechangeis
acceptedonly if bothhave thesamenew scalefactor. Otherwise,thenew scalefactoris rejectedandthe
old scalingfactorSprev is kept.

Thevalueof anacceptednew scalingfactor, 10nSprev, is finally assignedto thevariableSprev.

7.3 The resultsof univariate filtering

Theoutputof theunivariatefilter consistsof severalparts.Foreveryquoteentered,thefollowing filtering
resultsareavailable:

1. Thecredibility of thequote.

2. The value(s)of the quote,possiblycorrectedaccordingto a filtering hypothesisasexplainedin
sections7.1and7.2.

3. Thefiltering reason,explainingwhy thefilter hasrejectedaquote.

4. Individual credibilitiesof scalarquotes(bid, ask,spread)

Usersmay only want a minimum of results,perhapsjust a yes/nodecisionon usingor not usingthe
quote.This canbeobtainedby simply checkingwhetherthecredibility of thequoteis above or below a
thresholdvaluewhich is usuallychosento be0.5.

In thecaseof bid-askdata,thecredibility C of thefull quotehasto bedeterminedfrom thecredibilities
of thescalarquotes.TheOlsenfilter usesthefollowing formula:

C ! min # Cbid / Cask/ Cspread$ (7.50)

This formulais conservative andsafe:valid quotesaremeantto bevalid in every respect.

Thetiming of theunivariatefiltering outputdependson its timing mode:historicalor real-time.

7.4 The production of filtering results– in historical and real-time mode

Theterms“historical” and“real-time” aredefinedfrom theperspective of filtering here.Thefinal appli-
cationmayhave anotherperspective. A filter in real-timemodemaybeappliedin a historicaltest,for
example.

Thetwo modesdiffer in their timing:� In the real-timemode, the credibilities of a newly integratedquoteas resultingfrom eq. 5.38
(insertedin eq.4.1) are immediatelypassedto the univariatefiltering unit. If thereis only one
filtering hypothesisasin theOlsenfilter, thesecredibilitiesaredirectly accessibleto theuser. If
thereareseveralhypotheses,thehypothesiswith thehighestoverall credibility will bechosen(but
thepurefactof theexistenceof severalhypothesesleadsto a reducedcredibility of all of them).
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� In thecaseof historical filtering, theinitially producedcredibilitiesaremodifiedby theadventof
new quotes.Only thosequotesareoutputwhosecredibilitiesarefinally “cooked”. At thattime,the
quotesleave thefull-quotefiltering window; this implies that their componentshave alsoleft the
correspondingscalarfiltering windows. If severalfiltering hypothesescoexist (never in theOlsen
filter), their full-quote windows do not dismissany quotes,so we get filtering resultsonly when
conflictsbetweenfiltering hypothesesarefinally resolvedin favor of onewinninghypothesis.

Although thesemodesaredifferent, their implementationandselectionis very easy. In the historical
mode,we retrieve theoldestmemberof the full-quote window only after a teston whetherthis oldest
quoteandits resultsareready. In thereal-timemode,wepick thenewestmemberof thesamefull-quote
window. Thusit is possibleto getbothmodesfrom thesamefilter run.

A specialoption of historical filtering shouldbe available: obtainingthe last quotesand their results
whentheanalysisreachesthemostrecentavailablequote.It shouldbepossibleto “flush” thefull-quote
window (of the dominantfiltering hypothesis)for that purpose,even if the credibilitiesof its newest
quotesarenot finally corrected.

This leadsto anothertiming modethat might frequentlyoccurin practice. A real-timefilter might be
startedfrom historicaldata.In thiscase,westartthefilter in historicalmode,flushthefull-quotewindow
assoonasthefilter timereachesrealtimeandthencontinuein real-timemode.Thiscanbeimplemented
asa special,combinedmodeif suchapplicationsarelikely.

8 Specialfilter elements

In theprevioussections,all thestandardOlsenfilter havebeenexplained.Thestandardalgorithmis good
for coveringa largesetof typically occurringoutliers. However, somedataerrorsareof a very special
nature,soweneedspecializedfilter elementsfor efficiently catchingtheseerrors.A list of specialerrors
is alreadygivenin section2.3.

Thespecialfilter elementsareusingthesamefiltering structureasthestandardfilter algorithm,e.g. the
scalarfiltering window asdefinedby section5. Thespecialfilter elementscanthusbewell integratedin
thestandardOlsenfilter. Descriptionsof theindividual filter elementsfollow.

8.1 Filtering monotonicseriesof quotes

In severaltimeseries,mostlyFX, thefollowing phenomenoncanbeobservedovernightor mostlyduring
weekends.A contributor postsamonotonicallyincreasing(or decreasing)seriesof quotes,startingatan
acceptablequotelevel,oftenataratherhighfrequency, e.g.1.3020/25,1.3021/26,1.3022/27,1.3023/28,����� . The first few quoteslook acceptable,but the quotelevel will be very far from the true level if
the monotonicseriesis long. The motivation for this casuallyoccurringquotingbehavior canonly be
guessed;it is probablytestingtheperformanceandthetime delayof theconnectionto thedataservice.

Thestandardfilter is notverysuitedto properlyanalyzingthisbadquotingbehavior becausetheindivid-
ualquote-to-quotechangeslook harmless,just1 basispoint in thegivenexample.Eventhevaluechange
overseveralquotesis not largeenoughto ensureproperactionof thefilter. After alongmonotonicseries
of fake quotes,the filter may even give low credibility to the following correct valuesasthesearefar
away from theendvaluesof themonotonicseries.

If the contributor of the monotonicseriesstandsalone,it is not hard to detectthe unnaturallinearity
of thesequotes.Unfortunately, a badhabit hasbecomevery widespreadamongcontributors to multi-
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contributor quotefeeds: copyingof quotesasmentionedin section2.3. The copiedquotesareoften
modifiedby simplepost-processingstepssuchasaveragingof a few recentquotes,asmallrandomvalue
changeand/ora small randomtime delay. Thefrequentpostingof copiedquotesseemsto bemotivated
by thedesireof the issuersto advertisetheir market presence.Together, themany copiedandmodified
quotesmake the monotonicseriesappearvalid becausethey accompany it in a slightly irregular, less
monotonicway, seeminglyconfirmedby many “independent”contributors.

Thefollowing algorithmis usedto identify andfilter monotonicseriesof fakequotesunderthedescribed,
difficult circumstances.Theframework of this algorithmis thescalarfiltering window asexplainedby
section5; thealgorithmis simply addedto theothercomputationsof thescalarfiltering window. First
theweightof thepositive valuechangesfrom old quotesto thenew quoteis computed:

SE ! i 1 1

∑
j L i 1 n

wi j δxi T xj (8.51)

whereδxi T xj ! 1 in caseof anupmove,otherwise0. Wealsodo this for thenegative valuechanges,

S1 ! i 1 1

∑
j L i 1 n

wi j δxi U xj (8.52)

andthesumof weights:

S ! i 1 1

∑
j L i 1 n

wi j (8.53)

Theweightis definedto emphasizethecomparisonto themostrecentquotesfrom thesamecontributor:

wi j ! 1 � 1 ) Ii j

4 % # i ) j $ 2 (8.54)

whereIi j is givenby eq.4.23.

Theshare of positive movementsis givenby thefollowing formulawhich is a simpleEMA iterationas
definedby [Müller, 1991]:

SAEVB i ! 2 � 5
2 � 5 % SEW% S1 SAEVB i 1 1 % SE % S1

2 � 5 % SEX% S1 SE (8.55)

Thenegative movementshave thecomplementarysharebecausezerochangesareignoredhere:

SA 1 B i ! 1 ) SA EYB i (8.56)

At thevery beginning,SA EYB 0 andSA 1 B i areinitialized to 0.5. SAEVB 0 andSA 1 B i leadto thedirectionbalanceBi:

Bi ! f 4 min # SA 1 B i / SA EVB i $P% 1

f 4 % 2
(8.57)

In caseof low-frequency data,e. g. with a “crawling peg” (a caseof a “natural” monotonicmove), the
directionbalanceis madelessextremein eq.8.57usingthequotefrequency f :

fi ! 0 � 1A2
i (8.58)
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whereA2
i is measureof the recentmeandistancebetweentwo quoteswith a non-zerovaluechange,

computedby anEMA iterationsimilar to eq.8.55:

Ai ! 2 � 5
2 � 5 % SEW% S1 SAEVB i 1 1 % SEW% S1

2 � 5 % SEX% S1 . ∆ϑnonZero (8.59)

∆ϑnonZero is the ageof the last quotevaluedifferent from xi , seenfrom time ϑi , measuredin daysof
ϑ-time.

If the obtaineddirectionbalanceis very poor (low valueof Bi), we suspectmonotonicquoting. The
following maximumvalueof thetrustcapitalTi of thenew quoteis defined:

Ti Bmonoton ! 25 ) 0 � 001B4
i , frel

a2 (8.60)

with therecentrelative quotefrequency frel

frel ! fi 3 di (8.61)

wheredi is thecurrentquotedensityascomputedby eq.4.15.Theexpectedactivity of themarket is also
needed:

a ! ∆ϑi

∆ti
(8.62)

This activity, the ratio betweentwo differentmeasuresof the last quoteinterval (oncein ϑ-time and
oncein physicaltime), is very low on holidaysandweekends,often leadingto a stronglyreducedtrust
in eq. 8.60. This is intentionaland successfulin testsas monotonicquoting is a problemmainly in
market periodsof low liquidity. Accordingto eq.4.25,a hasa valueof 0.01on holidaysandweekends;
otherwisethevaluecango up to 3.4dependingon theactivity andweightof differentmarkets.

Undernormalcircumstances,Ti Bmonotonhasa high value. In thespecialsituationof Ti Bmonotonbeingless
than the trust capitalTi obtainedby eq. 5.38, Ti is replacedby Ti Bmonoton and “monotonicquoting” is
establishedasthefiltering reasonof thenew quote.

8.2 Filtering long seriesof repeatedquotes

As explainedin section2.3, somecontributors let their computersrepeata quotemany times. If this
happenshundredsor thousandsof times,the repeatedquotesmayobstructthefiltering of goodquotes
from othercontributors.Very longseriesof repeatedquotescannotbetolerated.

Filtering repeatedquotesby onecontributor seemsto beeasy. However, therearethreedifficulties:

1. contributor IDs maynotbeavailable;

2. repeatedquotesmaybemixedwith otherquotes;

3. repeatedquotesmaybe“natural” in acertainmarket.

Thelattercaseis foundin marketswherequotevaluesaredenominatedwith coarsegranularity, e.g. in
Eurofutureswherethe lowestresolution(= granule)is of onebasispoint. RepeatedEurofuturesquote
values,alsofrom differentcontributors,arequitenormal.
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If thefilteredscalaris abid-askspread,repeatedquotesarealsonatural.Wedonotconductany repeated-
quoteanalysisfor bid-askspreads;thefollowing explanationappliesto bid, askor single-valuedquotes
only.

The repeated-quoteanalysisis donefor scalarquotesin the framework of the scalarquotewindow as
presentedin section5. This analysisis thus locatedat the sameplaceasthat of monotonicquotesas
discussedin section8.1.Thesetwo algorithmsshareapartof their variablesandcomputations.

As a first step,the lengthof the sequenceof repeatedquotesis measuredby the following counting
formula:

nzeroB i ! nzeroB i 1 1 % S ) SEZ) S1
S

(8.63)

This is not asimplecounterbut rathera cumulatorof thevariable # S ) SE ) S1 $ 3 S, basedon eqs.8.51-
8.53. This variableis a weightedmeasureof very recentzerochanges,emphasizingquotesfrom the
samecontributor. By usingthis variable,theanalysiscandetectrepeatedquotesalsoif they aremixed
with others.At thevery beginning,nzeroB 0 is initialized to 0. Whenever # S ) SE[) S1 $ 3 S is lessthana
thresholdvalue,thesequenceof repeatedquotesis regardedasterminatedandnzeroB 0 is resetto 0.

TheobtainedlengthnzeroB 0 of thesequencehasto beput into thecontext of thequotinggranularity. If
the granule(= minimum sizeof a usualvaluechange)is high ascomparedto the meanvaluechange
from quoteto quote,high valuesof nzeroB 0 arenatural,and the filter shouldacceptthis. The granule
sizeof eachmarket maybeconfiguredasa nominalvalue.However, we preferto determinethetypical
granulesize in an adaptive way. This hasthe advantageof measuringthe actualpracticeratherthan
formal conventions;changesof granularityarefollowedin anadaptive way.

Thegranularityis measuredby aninterestingalgorithmthatwould deserve a detaileddiscussion.How-
ever, this is not a centralissueof filtering, so we just give the resultingformulas. The computationis
basedon momentsof thevaluechangedistribution functionwheretheexponentof themomentsis neg-
ative. All zerochangesthushave to beexcludedfrom this computation.Negative exponentsemphasize
smallvaluechanges,i. e. thosethatarecloseto thetypical granulesize.Themomentwith exponent) k
is computedwith thehelpof thefollowing moving averageiteration:

m1 k B i ! µmm1 k B i 1 1 % # 1 ) µm $ 0∆xi 0 1 k (8.64)

where∆xi is thevaluechangefrom thelastquoteandthecoefficientµm determinesthememoryof m1 k B i .
Eq.8.64canalsobeseenasanEMA iterationaccordingto [ZumbachandMüller, 2001], onatimescale
that ticks with every quotewith a non-zerovaluechange.This iterationis appliedto only valid quotes
with a non-zerovaluechangeas they aredismissedfrom the scalarquotewindow, seesection5.4.2.
At the first quotethat bringsa non-zerovaluechange∆xi , m1 k B i is initialized to 0∆xi 0 1 k. Before this
initialization(whenstartingfrom scratch),m1 k B i cannotbeusedandtherepeated-quoteanalysisis notyet
operational.Numeroustestswith granular(discrete)modeldistributionssuchasbinomialdistributions
(alsosomemorefat-taileddistributions)have shown thatthefollowing formulagivesagoodestimateof
thegranuleg:

g ! m21 14 2 B i
m1 2 B i (8.65)

Thuswe usethemomentswith exponents-1/2 and-2. Whenstartinga filter run from scratch,m1 14 2 B i
andm1 2B i arenot yet availablefor a shortperiod,sog is undefined.Therepeated-quoteanalysiscanbe
doneonly afterthisperiod.
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Now we needthe naturalprobability of a zero change,given a certaindistribution function and the
granulesizeg. Thesameteststhat led to eq.8.65alsoleadto anotherheuristicapproximationformula
of theprobabilityof zerochanges:

pzeroChange ! e4 \ 2 ] gm2̂
1_ 2 1 1̀ (8.66)

This formula (which is not yet our endresult) is conservative: it overestimatespzeroChangemainly for
smallgranules(wherepzeroChangegoesto 0). This is whatwewanthere.

In fact,we have nzeroB i zerochangesin a row, not just one.Theprobabilityof this is muchsmaller:

pnZeroChanges! p
nzeroa i
zeroChange ! e4 \ 2nzeroa i ] gm2̂

1_ 2 1 1̀ (8.67)

Now weformulateamaximumtrustcapitalfor repeatedquoteswhosevalue,whenconvertedto acredi-
bility accordingto eq.4.1,correspondsto pnZeroChangesin thelimit of low credibility:

Ti B repeated ! 25 ) 0 � 5p1 0\ 32
nZeroChanges : 25 ) 0 � 5e1\ 35nzeroa i ] gm2̂

1_ 2 1 1̀ (8.68)

This maximumtrustcapitalis muchhigherthanthetheoreticalvaluepostulatedbefore:thereis a large
positive offsetof 25,andtheexponent-0.32(insteadof -0.5)dampenstheeffectof ahigh numbernzeroB i
of repeatedquotes. Ti B repeatedis a conservative estimate;if we get low trust, we can be surethat the
seriesof repeatedquotesis unnaturalin thegivenmarket. It mustbetheresultof thoughtlessrepetition,
probablyby acomputer.

Eventually, we compareTi B repeatedto thenormaltrustcapitalTi of thequote.Ti resultsfrom eq.5.38and
is assumedto bealreadycorrectedafteracomparisonto Ti Bmonoton(from eq.8.60).If Ti B repeatedis lessthan
Ti, we replaceTi by Ti B repeatedandset“long repeatedseries”asthefiltering reasonof thequote.

8.3 Disrupti veeventsand human intervention

Thefilter asdescribedsofar is adaptive to awiderangeof differentfinancialinstrumentsandalsoadapts
to changesin thebehavior of theseinstruments.Adaptationneedstime - it meansadaptingto statistical
resultswhichhaveacertaininertiain theirbehavior by definition.Thevolatility measureof eq.4.16,for
example,hasa range∆ϑr of 7 days.Thusthefilter cannotimmediatelyadaptto a disruptive event that
leadsto anextreme,unprecedentedbehavior in few hours.

Disruptive eventsarerareevents.Therearesomeadditionalfiltering elementsto cover them.Disruptive
eventscanbesortedin threetypes:

1. Scalingchange: afinancialinstrumentquotedwith achangedscalefactor. Examples:astocksplit
or the re-definitionof units of an instrument.Thesechangesresult in a suddenchangeof quote
valuesby aconstantfactor, oftenbut notalwaysby apowerof 10. Thisdoesnot imply any market
shockor changein volatility.

2. Changein the instrument definition: a financial instrumentundergoesa substantialchangeof
its definition,notonly in scaling.Example:Benchmarkbondsarequotedastheunderlyinginstru-
mentof certainbondfutures. Whenthey approachmaturity, they arereplacedby anotherbond,
but thequotesappearin thesame,uninterruptedtimeseries.This impliesasuddenjump in value,
but thevolatility of thenew bondonthenew level is not fundamentallydifferentfrom theold one.

3. Regimechange: the regulationof financial instrumentscanbe changed.Example: the floating
regimeof theBrazilianRealaftera longperiodof afixedrateto theUSD.Regimechangesof this
kind have two effects:
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(a) asuddenmove to anew level (e.g. devaluationof theBrazilianReal),

(b) very high volatility of oscillationsaroundthenew level.

Thesetwo effectstogethermake filtering difficult. Themostextreme,unexpectedmarket shocks
canbehave similarly to a regimechange.Inverseregimechanges- from floatingto fixed- areno
real problemfor thefilter. Thesechangesareusuallyanticipatedby a quiet market behavior, so
thenormalfilter canwell adapt.

Thefilter userhasthefollowing meansto dealwith disruptive events:� Anticipationby openinga new time series:many disruptive eventssuchasdefinitionandregime
changesareannouncedin advance.A newly definedRussianRuble,for example,is a new time
seriesandshouldbetreatedassuch:it shouldgetits own, independentfilter. Thuseachfilter sees
dataeitheronly following theold definitionor thenew one.� Humanintervention: re-startingthefilter immediatelyafter thedisruptive event. This is a viable,
thoughnotelegantsolution,giventherarity of disruptiveeventsandthedifficulty of implementing
asatisfyingon-linesolution.� Anticipation by on-line warningmessage:the usercansenda warningmessageto thefilter, in-
forming it on animminentchangeof scalingfactoror volatility shock.� Humanon-linecorrection:theusercantell thefilter to acceptacertainquoteor approximatequote
level afterthedisruptive event.

The last two featuresarenot yet implementedby theOlsenfilter. Olsenrelieson off-line humaninter-
ventionin therarecaseof adisruptive event.

Thefilter shouldtreatdisruptive eventsaswell aspossibleevenwithout humanintervention. It hasthe
following means:� Reactingto humanmessages:in caseof a warning message,the filter can be preparedto the

imminentevent, e. g. by lowering the dilution factorµ asdiscussedin section5.2.2. A human
correctioncanbeusedto modify thestoredtrustcapitalsof thescalarfiltering queue.This is not
yet implementedby theOlsenfilter asexplainedabove.� Immediatedetectionandadaptation:somedisruptive eventsfollow from the analysisof a side
variableof thequote.This is implementedin theOlsenfilter asexplainedin section8.3.2.� Delayeddetection:a disruptive event may initially result in an unusuallylong seriesof rejected
quotesafter thechange.This factcanbeusedto inform theuseron possibleproblem.Thefilter
mayeithersendaspecialwarningto theuser, or anindependentmonitoringtool mayproducethis
warning(this is Olsen’s solution).� Delayedadaptation:eventually, thefilter will adaptto thenew regimeafter thedisruptive event.
This is ensuredby theadaptivity andthetime-outof thescalarfiltering window.

Disruptive eventsarenot a problemof thefilter alone.Their treatmentalsodependson theapplication,
theenvironmentandthegoalsof thefilter user.

Thethreetypesof disruptive eventsarefurtherdiscussedin thefollowing sections.
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8.3.1 Scalingchange

Scalingchangesare often causedby real economicfacts. If thesecan be anticipated,the filter user
shouldpreparethefiltering of newly scaledquotesin advance.However, somescalechangesmaycome
by surprise.

Herearesomeexamples:� Changingquotinghabits:Norwegianbanksusedto quotethevalueof 100DEM in NOK. Later,
they preferredquotingthevalueof 1 DEM in NOK.� Re-definitionof units: onenew RussianRubleis re-definedto be1000old Rubles.� TheFrenchstockindex (CAC40)is quotedin Eurosinsteadof FrenchFrancs.� Stocksplits: oneold shareis split into threenew sharesof thesamecompany.

Thefirst examplesusuallycausea scalefactorthat is a power of 10 with anintegerexponent.Thefilter
dealswith suchfactorsasdescribedin section7.2. The last examplesusuallyhave odd scalefactors
differentfrom a power of 10. In this case,theuserhasto intervene,e. g. by openinga new time series
andanew filter for thenewly scaledquotes.

8.3.2 Changein the instrument definition

Changesin the instrumentdefinition arerare,but thereis oneinstrumentwherethey regularly occur:
benchmarkbonds. Benchmarkbondsarequotedasthe underlyinginstrumentof certainbondfutures.
Whenthey approachmaturity, they are replacedby anotherbond,but the quotesappearin the same,
uninterruptedtimeseries.Thechangeof thematurityresultsin avaluejump.

Fortunately, thematurityof abenchmarkbondis availablefrom thedatasource.This informationcanbe
usedfor animmediatedetectionof andadaptationto thenew definition. Theprogramusedfor filtering
benchmarkbondsis continuouslycheckingthematurity beforepassingthecorrespondingquoteto the
filter. As soonasit detectsachangeof thematurity, it callsaspecialfunctionof theOlsenfilter.

This new-definition function actson all scalarfiltering windows. For all scalarquotesin all scalar
filtering windows, thestoredageis incrementedby 1 % 53 d days,whered is thequotedensityperdayas
computedby eq.4.15;this leadsto ahigherexpectedvolatility. At thesametime,thevalid-quoteageQ j

of all thesescalarquotesis incrementedby 15; this canalsoleadto a higherexpectedvolatility through
eq.4.19.By virtually pushingall old quotesinto thepast,thefilter becomesmoretolerantto thesudden
valuechangeto follow, withoutacceptingbadoutliers.

Thenew-definition functioncanbeusedfor any new definitionof any instrument,it is not restrictedto
benchmarkbonds.

8.3.3 Regimechangesand extrememarket shocks

Regimechangesandextrememarketshocksimply suddenoutburstsof quotedvaluesandtheirvolatility.
Thestandardfilter alreadyhasameansto dealwith thisphenomenon:thedilution mechanismexplained
in section5.2.2.An alternative trustcapitalT A Ai of a scalarquoteis computedin caseof a valuejump. If
T A Ai fulfills theconditionof eq.5.38,thevaluejump is quickly accepted.

Unfortunately, thismechanismstopsworking if themarket shockis extreme,i. e. thevolatility becomes
severalordersof magnitudehigherthanthehistoricalvalue,andif thevolatility stayshighalsoafterthe
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initial jump. Oneremedywouldbeto choosea lowerdilution factorµ. Thiscannotbeageneralsolution
asit would leadto acceptingtoomany ordinaryoutliers.

Optimalfiltering of regimechangesandextrememarketshocksis asubjectof on-goingresearch.Mean-
while, thefiltering of regimechangesandextrememarket shocksmayrequirehumanintervention.

8.4 Multi variate filtering – an idea for filtering sparsequotes

Multivariatefiltering is not a partof the Olsenfilter but rathera subjectof unfinishedresearch.In the
Olsenfilter, univariatefiltering asdescribedby section7 is thehighestalgorithmiclevel.

Multivariatefiltering requiresamorecomplex andlessmodularsoftwarethanunivariatefiltering – but it
seemstheonly wayto filter verysparsetimeserieswith veryunreliablequotes.Someideasof apossible
implementation(basedon researchstudiesyet to becompleted)arepresentedhere.

In the financialmarkets, thereis a quite stablestructureof only slowly varying correlationsbetween
financial instruments. In risk managementsoftware packages,a large, regularly updatedcovariance
matrix is usedto keeptrackof thesecorrelations.

Covariancematricesbetweenfinancialinstrumentscanalsobeappliedin thefiltering of sparsequotes.
Univariatefiltering methodsare working well for densequotes. If the densityof quotesis low, the
methodslosea large partof their power. Whena new quoteof a sparseseriescomesin, we have only
few quotesto compare;thesequotescanbe quite old andthusnot ideal for filtering. This is theplace
wheresomeadditionalinformationfrom thecovariancematrix becomesuseful.This cantechnicallybe
donein severalways.

The only methodoutlined here is the artificial quotemethod. If the sparserate (e. g. in form of a
middle price) is includedin a covariancematrix that alsocovers somedenserrates,we cangenerate
someartificial quotesof thesparseseriesby exploiting themostrecentquotesof thedenserseriesand
the covariancematrix. The expectationmaximization(EM) algorithm [MorganGuaranty,1996] is a
methodto producesuchartificial quotes;therearealsosomealternative methods.Thebestresultscan
be expectedif all the seriesincludedin the generationof an artificial quoteare highly correlatedor
anticorrelatedto thesparseseries.

Artificial quotesmaysuffer from threeuncertainties:(1) they haveastochasticerrorin thevaluebecause
they areestimated,(2) thereis anuncertaintyin timedueto asynchronicitiesin thequotesof thedifferent
financialinstruments[Low etal., 1996], (3) only apartof thefull quoteis estimatedfrom thecovariance
matrix (e. g. themiddleprice,whereasthebid-askspreadhasto bevaguelyestimatedasanaverageof
pastvalues).Therefore,anadditionalrulemaybehelpful: usingartificial quotesonly if they arenot too
closeto goodquotesof thesparseseries.

In somecasessuchasFX crossrates,we cansimply usearbitrageconditionsto constructan artificial
quote(e.g. triangularcurrency arbitrage);acovariancematrix is notnecessarythere.

Thefollowing algorithmicstepsaredonein theartificial quotemethod:� definea basket of time serieswhich aredenserthanthesparseseriesandfairly well correlatedor
anticorrelatedto it (radicalversion:abasket of all financialinstruments);� generateartificial quotesfrom thecorrelationmatrix andmix themwith thenormalquotesof the
sparseseries,thusreinforcingthepower of theunivariatefiltering algorithm;� eliminatetheartificial quotesfrom thefinal outputof thefilter (becauseafilter is notagap-filler).

Thisalgorithmhastheadvantageof leaving theunivariatefiltering algorithmalmostunchanged;themul-
tivariateelemententersonly in thetechnicalform of quoteswhich alreadyexists in univariatefiltering.
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Thedisadvantagelies in thefactthattheartificial quotesmaybeof varying,uncertainquality (but better
thannoneatall).

9 Initialization, termination, checkpointing

9.1 Filter initialization

Usually, thereis a requestedstarttime of thefiltered datasequence.The filter needsto seesomedata
beforethis startin orderto work reliably: it needsa build-up period. A build-up is technicallyidentical
to a normal filter run; the only differenceis that the filtering resultsof the individual quotesarenot
accessibleto theenduser.

Theadaptive filter containssomeelementsbasedon iterations,mostlyEMAs (exponentialmoving aver-
ages).Thesevariablesmustbeproperlyinitialized. At theverybeginningof afiltering session,theinitial
valuesareprobablyratherbad,sothefilter hasto run for a while to graduallyimprove them.Moreover,
thewindows areinitialized to beempty, sothefirst quoteswill alsohave shaky credibility valuesdueto
theinsufficient window size.

Thusthefilter initializationover abuild-up periodis absolutelynecessary;it is not justanoption.

Thebuild-up periodmusthave a sufficient size,thelongerthebetter. A sizeof 2 weeksis a minimum;
Olsen’s recommendationis a a build-up periodof at leastthreemonths.Extremelysparsedataneedsan
evenlongerbuild-up, for obviousreasons.

Thusthefilter is a tool for asequentialanalysis,not for randomaccess. If randomaccessto filtereddata
is anissue,werecommendstoringsequentiallyfiltereddataandits filteredresultsin adatabaseandthen
retrieving datafrom there.

The timing of the build-up periodis alsoessential.The bestchoiceof the build-up periodis the time
interval immediatelyprecedingthe startingpoint from which the filtering resultsareneeded. In this
normalcase,

1. thefilter is startedfrom scratchatstarttime minusthebuild-up period;

2. filtering resultsareignoreduntil theanalysisreachesthestarttime;

3. normalfilter operationstartsat this starttime.

This is not possibleif the start time of the filter is closeto the beginning of available data. In this
exceptionalcase,we take thesecondbestchoice,amorecomplicatedstart-upprocedure:

1. startthefilter from thebeginningof availabledata;

2. run it over a full build-up period;

3. ignorefiltering resultsuntil theanalysisreachestheendof build-up;

4. keepthevaluesof all statisticalvariables(this is whattheadaptivefilter haslearnedfrom thedata),
eitherin memoryor in acheckpointfile;

5. re-startthe filter, againfrom the beginning of available data,but profiting from the statistical
variablesalreadybuilt up;
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6. ignorefiltering resultsuntil theanalysisreachesthedesiredstarttimeof thefiltering session;

7. reachthestateof normalfilter operationat this starttime.

Thestatisticalvariablesat theendof a build-up canbestoredin a checkpoint file. This is explainedin
section9.3. A filter readingfrom a well-chosencheckpointfile needsnobuild-up.

Theinitializationof anew financialinstrument,suchasa futurescontractwith anew expiry time,canbe
improvedby startingits filter from a checkpointfile generatedby thefilter of a similar instrumentsuch
asa correspondingfuturescontractwith anearlierexpiry. This is importantin real time whenthenew
instrumentdoesnot yet have sufficient datafor a regularbuild-up.

9.2 Filter termination

Theterminationof afilter runposesnoproblems.If thefilter run is abuild-upor couldbeabuild-up for
anotherrun,a lastcheckpointfile shouldbewritten.

In thecaseof historicalfiltering,somequotesandtheirprovisionalresultsarestill bufferedin thefiltering
windows. A usermaywantto eithercontinuefiltering for awhile to getthelastquotesbeforetermination
timeor simplyflushthebuffers.

9.3 Checkpointing

A checkpointis a setof variablevaluesthat determinethe stateof a filter. All the statisticalvariables
neededfor adaptivity belongto thisset.Checkpointsarewritten to files, in sometime intervals,e.g. one
checkpointa day. Theuserprogrammayalsowant to write additionalcheckpointson request.Several
checkpointsarekept for safety. Checkpointfiles have to bemanagedby theuseror theprogramusing
thefilter. Their nameor headershouldcontaindateandtimeof thelastenteredquote.

Themainreasonto introducecheckpointingis againof time. A checkpointis astartingpoint for aquick
start.Checkpointingis relatedto thebuild-up. A checkpointwrittenataquotetimeexactlyator slightly
beforethedesiredstartingpoint of thefilter run canreplacea new build-up. Thefilter simply readsthe
checkpointfile andinitializes thevariablesaccordingly. On theotherhand,thebuild-up procedurecan
replacecheckpointingandmake it superfluous.This however impliesthateveryfilter run,alsoin a real-
timeapplication,mustbeprecededby a lengthybuild-up. Only few userswill acceptsuchanamountof
additionalcomputationtime. For mostusers,checkpointingis compulsory.

In filtering, therearetwo possibleconceptsof checkpointing:

1. Strong checkpointing: Storingall thevariablesthatdeterminethestateof thefilter: not only the
statisticalvariablesbut alsothe full-quote andscalarfiltering windows with all their quotesand
relevantresultsof thesequotes.Strongcheckpointsthustake a lot of storagespace.

2. Weak checkpointing: storingonly thestatisticalvariablesneededfor adaptivity. (Olsen’s weak
checkpointingadditionallyincludessomecondensedinformationon a “last valid” quote).

Bothareimplementedin Olsen’sfilter. TheOlsendatacollectoris usingweakcheckpointingfor storage
spacereasons:thestrongcheckpointsof all theverymany collectedinstrumentswouldtakeanunwieldy
amountof space.Thestoragesizealsodependson theformat: human-readableASCII or binary(which
is morecompact).
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The filter is immediatelyandfully operationalafter startingfrom a strongcheckpoint.Whenstarting
from a weakcheckpoint,the filtering windows areempty, so the filter is not immediatelyoperational.
Weneedanadditional“mini”-build-up to fill thewindowswith asufficientamountof goodquotesbefore
thetruefiltering start,in orderto preventa badstartfrom outlier quotes.This is a disadvantageof weak
checkpointing.Olsen’s weakcheckpointsthereforeincludea “last valid” quotewhich is themostrecent
amongthegoodquotesfrom thefull-quotefiltering window atthetimewhenthecheckpointwaswritten.
At startfrom a weakcheckpoint,this last valid quoteis usedto initialize thefiltering windows. More
precisely, this quote(i. e. its scalarquotes)entersa specialwindow of old valid quotesthatwasinitially
introducedfor anotherpurposeasexplainedin section5.4.3. This is anacceptable,pragmaticsolution
notasgoodasstrongcheckpointing.

Anotherreasonto introducecheckpointingis relatedto the informationcontentof thecheckpointfiles.
Humanreaderscanobtainsomeinsightinto thefilter statusby looking atcheckpointfiles. To make this
possible,checkpointsshouldbehuman-readable,eitherdirectly or througha tool in thecaseof encoded
(binary)checkpointfiles. In thissense,checkpointsarealsoa diagnostictool, seesection10.1.

In summary, checkpointingis analmostabsolutenecessity. It canbeavoidedonly undertwo conditions:
(1) alwaystoleratingslow initializationdueto longbuild-upperiodsand(2) introducingdiagnostictools
otherthancheckpointing.

10 Miscellaneousfeaturesof the filter

10.1 Diagnostics

Someusersmaywantto know thecurrentstateof thefilter while it is runningin realtime. Threepossible
solutionsareproposed:(1) looking at themostrecentregularly producedcheckpointfile; (2) addinga
featureto producecheckpointfilesondemand;(3) a featureto producediagnosticmessagesin text form
on demand.

Olsenhasimplementedsolution (1) with a tool to convert the weak checkpointsfrom binary to text
format.

10.2 Statistics

Statisticalinformationis useful to characterizethe behavior of a filter. Even a userwho doesnot un-
derstandthefilter in its full complexity will still want to know simplestatisticalpropertiessuchasthe
rejectionrate, thepercentageof rejectedquotes.Therequiredstatisticalanalysisis notnecessarilyiden-
tical to that internally usedby the adaptive filter algorithm. Typical rejectionratesarebelow 1% for
major financialinstrumentsandcanbeabove 10%for someminor instrumentswith badcoverageand
badquotingdiscipline.

A tool to producesomestandard,user-friendly statisticalfiltering informationshouldbeimplementedas
apartof theof thewiderfiltering environment.Suchatool cannotbepartof thefilter becauseit alsohas
to managetheaccessto thedata.
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10.3 Testing

Testingplaysa key role in the filter development. The correctoperationhasto be testedasfor every
pieceof software. The role of testingextendsfar beyond this. Testingis alsoneededto fine-tunethe
many parametersof thefilter. This hasbeendoneextensively by Olsen. Thevaluesrecommendedfor
all the many parametersof the filter in this documentareresultsof our tests. A new filter developed
accordinglywill inherit our testingexperience.

For theinitial filter developer(asopposedto a user),filter testingis not trivial. A largepartof it means
comparingthe resultsof testedfilters to humanjudgment. This is handwork that canhardly be auto-
mated.The behavior of the filter hasto be testedfor very differentdataanderror types. Examplesof
all thespecialerrorsof section2.3 have to tested.Few automatictestingtoolscanhelp. Fromfiltering
statistics,we canidentify instrumentsandperiodswith high rejectionratesanduninterruptedseriesof
rejectedquotes. Theseoften (but not always) indicateremainingproblemsof a certainfilter version.
Finally, we cancomparetwo filter versionsby looking at differencesin the results,highlighting and
studyingonly thosequoteswherea largedifferencein credibility wasfound. Thesemethodshave been
usedto fine-tunetheOlsenfilter.

Anotherpartof testingwasdonein theframework of Olsen’s own datacollectionwhich canbeseenas
a hugereal-life testingenvironmentof the filter. Olsenis usingthe collecteddatafor researchandits
value-addedinformationsystem.Remainingproblemsof Olsen’s earlyfilter prototypesquickly became
apparentandcouldbesolvedby furtherresearch.This is thewaysomespecialfeaturessuchasthefilter
of monotonicsequences(section8.1)wereadded.

The world of financial data is almost infinite, evolving over time and changing its behavior, sowe
cannot exclude the possibleoccurrenceof new, yet undetectedfilter problems. Olsen’s research
environmentis aguaranteefor findingsolutionsof new problemsquickly. Werecommendall filter users
to reportpossibleproblemsto Olsen.

10.4 User-definedfiltering

Usershave several ways to influencethe behavior of the filter, if they wish so. They canchoosethe
credibility thresholdfor acceptedquotesdifferentfrom therecommendedvalue0.499.They canchange
the recommendedvaluesof the many parametersof the filter. A higher value of ξ0 in eq. 4.11, for
example,will leadto amoretolerantfilter.

In section8.3,we have proposedsomemeansto influencefiltering throughdirectintervention.

11 Summary of filter parameters

Thefilter algorithmasawholeis complicatedanddependsonmany configurationparameters.Thedefi-
nitionsandexplanationsof all theseparametersarescatteredin thetext. A centrallist of all parameters
is thereforehelpful; Table5 is sucha list.

The parametersare listed in the sequenceof their appearancein the document.Somelessimportant
parametershave no symbolandappeardirectly asnumbersin the text; neverthelessthey have beenin-
cludedin Table5. Theimportantparameters(with theirown symbols,of course)determinethecharacter
of thefilter. Filter usersmaychoosetheparametervaluesin orderto obtainafilter with propertiessuited
to their needs.
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Descriptionof parameter Symbol Equationnumber
Rangeof meanx ∆ϑr 4.3,4.4
Parametersof ∆x2

min usedin thelevel filter (aftereq.4.7)
Critical deviation from meanx ξ0 4.8
Critical sizeof valuechange ξ0 4.11
Interactionrangein changefilter (normalvalue,specialvaluefor bid-ask
spread)

ν 4.13

Rangeof quotedensity ∆ϑr 4.15
Weight of new quotein quotedensity(normalvalue,specialvaluefor re-
peatedquotes)

cd 4.15

Rangeof short-term,standardandlong-termvolatility (vfast, v, vslow) ∆ϑr 4.16
Relative time interval offsetfor volatility d0 4.17
Absolutetime interval offsetfor volatility δϑmin 4.17
Relative limits of quoteinterval ∆ϑ (upper, lower) 4.19
Weightof squaredgranulein volatility offset 4.21
Parametersusedfor volatility offsetε0 for bid-askspreads (aftereq.4.21)
Exponentof 1 b D in theformulafor theimpactof quotediversity 4.24
Otherparametersof theimpactof quotediversity 4.24
Activity of activeperiods,for ϑk 4.25
Activity of inactiveperiods,for ϑk 4.25
Rangeof short-termvolatility usedfor ϑ ∆ϑsmooth 4.28
Rangeof thevarianceof volatility fluctuationsusedfor ϑ ∆ϑr 4.29
Weightof thelevel filter clevel 5.32
Trust capital dilution factor (normal value, specialvalue at initialization
from scratch)

µ 5.34- 5.36

Window sizeparameter W 5.43
Critical credibility for statisticsupdate(normalvalue,specialvalueat ini-
tializationfrom scratch)

Ccrit (section5.4.2)

Lower limit of alloweddomain(prices,FX forwards,interestrates) pmin 6.44( c section6.2)
Factorin transformationof bid-askspreads 6.45
Maximumquoteinterval sizein decimalerror (section7.1)
Parametersof trustcapitaltestfor acceptinga decimalerror 7.46
Parametersof trustcapitaltestfor terminatingadecimalerror 7.47
Trustcapitallimits of old scalefactor(factor10 or 0.1,otherfactor) 7.48
Trustcapitaladvantageof new scalefactor(factor10 or 0.1,otherfactor) 7.49
Standardcredibility thresholdfor acceptingaquote (sections7.3,10.4)
Many parametersof thefilter of monotonicquotes 8.54- 8.60
Memory(relatedto samplerange)of moments µm 8.64
Parametersof themaximumtrustcapitalof repeatedquotes 8.68

Table5: List of the filter parameters.

12 Conclusion

TheOlsenfilter describedin this documentis a powerful tool to analyzeandcleanup datain financial
time series.The credibility of quotesis analyzed;badquotesandoutlierscanbe removed. The filter
worksfor all datafrequencies,from high-frequency to sparsedata.

Thedescribedfiltering algorithmis adaptive to thefilteredfinancialinstrument:it learnsfrom thedata.
While thebasicstructureof the algorithmis clearandsimple(Table1), the rich anddiversenatureof
financialdata,its quotingstylesanderrorsrequirestheadditionof somemorecomplex filtering elements.

TheOlsenfilter hasbeencheckedandfine-tunedin many tests.It is runningin practice,in Olsen’s own
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datacollectionwhich is the basisof researchaswell ascommercialservices.In this real-life test,the
Olsenfilter hasshown its goodperformance.

Therearefew remainingproblems.Mostarerelatedto disruptiveevents:eventsthatrapidlyandradically
changethebehavior of a time series.In this field, filter researchat Olsenis continuedandwill leadto
improvedfutureversionsof thefilter.
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Zürich,Switzerland.

[Dacorognaetal., 1993] DacorognaM. M., Müller U. A., Nagler R. J., OlsenR. B., and Pictet O. V.,
1993,A geographicalmodelfor thedaily andweeklyseasonalvolatility in theFX market, Journalof
InternationalMoney andFinance,12(4), 413–438.

[Dacorognaetal., 1998] DacorognaM. M., Pictet O. V., Müller U. A., and deVries C. G., 1998,The
distribution of extremalforeignexchange ratereturnsin extremelylarge datasets, Internaldocument
UAM.1992-10-22,Olsen& Associates,Seefeldstrasse233,8008Zürich,Switzerland.
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O&A Consulting 49



[Müller andZumbach,1997] Müller U. A. and Zumbach G. O., 1997, Specificationof an adaptive
filter for time seriesof financial quotes, InternaldocumentUAM.1997-01-28,Olsen& Associates,
Seefeldstrasse233,8008Zürich,Switzerland.
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