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Abstract

Thisdocumentontainsa descriptionof thefiltering technology developedat the OlsenGroup.

Filtering of financial quoteshasa history of more than 10 years at Olsen. Since1997,0Olsen
hasbeenrefininga new, adaptivefiltering algorithm. Adaptivitymeanghe ability to applythefilter
to manynew financial instrumentswith just a minimumof preparation rather than a laboriousre-
configuition. It alsoimpliesthat thefilter adaptsto structural breaksin a time serieswith no need
to recalibrate anyfilter parametes by hand.

Olsens filtering technolagy has passedhe testof practicewell. Many testson a wide basisof
financialinstrument$aveled to a numberof improvementsmanyspecialanalysisstepsfor special
dataerror typeshavebeenadded.

1 Intr oduction

This documentontainsa descriptionof thefiltering technologydevelopedat the OlsenGroup.

Datafiltering hasahistoryof morethan10yearsatOlsen.Theproblemof badquotesandtheirdamaging
consequences applicationswasrecognizedvery early Firstfiltering algorithmswere developedand
applied,asshavn in [Mller, 1989 andthe appendixof [Dacorogneetal., 1993. Althoughfiltering as
afield of researctanddevelopmentwasunderestimatetly mary peopleatthattime, Olsencontinuedo

improve thefiltering technology

In 1997,amajoreffort wasmadeto raiseOlsens filtering capabilitiesto anew level. Thenew algorithm
wasspecifiedby the documen{M lller andZumbach,1997 andimplementedn C++. The new Olsen
filter wastestedandimprovedfor awidely enlagedsetof financialinstrumentsNew, specificdataerror
typesweredetectedtestsfor thesenew errorswereaddedto thefilter algorithm. The new Olsenfilter
hasreachedh high degreeof reliability.

Thefilter is

¢ applicableto new financialinstrumentsearlyautomatically(adaptivealgorithminsteadof hand-
calibration),

¢ specifiedn away suitableto programming(clearconceptsstructureshierarchies),

¢ profiting from 12 yearsof Olsenfiltering experiencesandarich setof errorexamples.

Filtering of high-frequeng time-serieglatais ademandingpftenunderestimatethsk. It is complicated
becausef

¢ thevarietyof possibleerrorsandtheir causes;

e thevariety of statisticalpropertiesof the filtered variables(distribution functions,conditionalbe-
havior, non-stationarityandstructuralbreaks);

¢ thevariety of datasourcesandcontritutorsof differentreliability;
¢ theirregularity of timeintenals (sparse/densgata,sometimedong datagapsover time);

¢ the compl«ity and variety of the quotedinformation: transactionprices, indicative prices, FX
forwardpremia(wherenggative valuesareallowed),interestrates pricesandothervariablesfrom
derivative markets,transactiorvolumes,... ; bid/askquotesvs. single-waluedquotes;
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e the necessityof real-timefiltering: producinginstantfilter resultsbefore seeingary successor
quote.

Therearedifferentpossibleapproacheo filtering. Someguidelinedetermingheapproactof theOlsen
filter:

¢ Plausibility: we do not know thereal causeof dataerrorswith rareexceptions(e. g. the decimal
error). Thereforewe judgethevalidity or credibility of a quoteaccordingto its plausibility, given
the statisticalpropertiesof the series.

e We needawholeneighborhooaf quotedor judgingthe credibility of a quote:afiltering window
A comparisorto only the“last valid” quoteof the seriesis not enough.Thefiltering window can
grow andshrinkwith dataquality andtherequirementgor arriving at a goodfiltering decision.

e Thestatisticalpropertiesof the seriemneededo measurgheplausibility of aquotearedetermined
insidethefiltering algorithmratherthanbeinghand-configuredThefilter is thusadaptive

¢ Quoteswith comple structuregi. e.bid/askor open/high/lav/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
algorithmmodularandoverseeableSomespecialerrortypesmayalsobe analyzedor full quotes
beforesplitting.

¢ Numericalmethodswith convergenceproblems(suchasnon-linearminimization)are not used.
Suchmethodsvould probablyleadto problemsasthefilter is exposedo very differentsituations.
Thechoseralgorithmproducesinambiguousesults.

¢ Thefilter needsahigh executionspeedromputingall filtering resultsfrom scratchwith every new
quotewould not be efficient. The choseralgorithmis iterative whena new quoteis considered,
thefiltering informationobtainedfrom the previous quotesis re-used;only a minimal numberof
computationgoncerninghenew quoteis added.

¢ Thefilter hastwo modesreal-timeandhistorical Thanksto thefiltering window techniquepoth
modescanbesupportedy thesaméfilter run. In historicalfiltering, thefinal validationof a quote
is delayedo atime afterhaving seensomesuccessoguotes.

The paperis organizedasfollows. In section2, the propertiesandtypical errorsof the filtered datais
discussedSection3 pravidesanoverview of thefilter, its applicationandits hierarchicaktructure Some
basicconceptsaandoperationsare explainedin section4. At the lowesthierarchylevel, scalarfiltering
windows (section5) usethesebasicoperationsthe next level is the full-quote window (section6); the
highestlevel is the univariatefilter with its operationgsection7). Somereaderanay preferatop-davn
approactandthereforereadthesesectionsn reversesequencesection?, 6, ... . Somefiltering elements
dealingwith speciadataproblemsarediscussedh theseparatsection8, but they nicelyfit into themain
filter structure An adaptve filter needgo learnfrom the databeforebeingoperationalthis is organized
by following the initialization andcheckpointingguidelinesgivenin section9. Section10 coverssome
furtheraspect®f filtering suchastesting.Thefilter hasmary parameterssothelist of parametergiven
in sectionl1will behelpful. A conclusionis madein sectionl2.

2 The datato befiltered

Before discussinghe filtering algorithm, we have to specifythe objectto be filtered: a time seriesof
guotes. Here we regard only onetime seriesat a time. The filtering of several time seriestogether
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is discussedn section8.4. A time seriesis a time-orderedsequencedf quotesfor a given financial
instrument.This datashouldbe homogeneouasexplainedin the following section.

2.1 Data homogeneity:arequirementfor filtering

Homogeneityneanghatthequotesof a seriesareof the sametypeandthesamemariket; they maydiffer
in the origins of the contritutors, but shouldnot differ in importantparametersuchasthe maturity (of
interestrates,... ) or themoneg/ness(of optionsor theirimplied volatilities).

Thefilter useris responsibldor ensuringdatahomogeneityTherearespecialcaseshatposeachallenge
to datahomogeneity The LIFFE futuresexchange for example,sometimegroducesjuotesthat are
intendedascorrectionf old quotes.In this casetheintentionis notonly to usethis new quote,but also
to eraseanold quotethatis replacedethe nen one. The correctionmessagenay arrive quite late and
thusreplaceanold quotein the moredistantpastratherthanthe mostrecentone.

Anothercaseof inhomogeneoudataoccursin datafeedsthatprovide bid or askquotes(or transaction
guotesalternatvely in randomsequenceHerewe advisesplitting the datastreaminto independenbid
andaskstreams.The samefeed may also containsvolume or openinterestfigures,which canalsobe
filteredasspecialtime series.Normal bid-askpairs,however, areappropriatelyhandlednsidethefilter.

Anotherviolation of homogeneityhappensn the caseof benchmarkbonds,whenthe maturity of the
underlyingbondchanges.Strictly speaking.a benchmarkoondis no longerthe sameinstrumentafter
thischangehutthecorventionis to keepit in thesametime series.Thiscasés discusseth 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 Olsens
ORLA software,OlsenResearct.Aboratory).

1. A timestamp This s thetime of the datacollection,the arrival time of thereal-timequotein the
collectors ernvironment. Time stampsaremonotonicallyincreasingver thetime series.We might
alsohave othertime stampge. g. thereportedtiime of the original productionof the quote).Such
a secondarytime stampwould however be consideredas sideinformation (in cateory 4) rather
thanaprimarytime stamp.

2. Information on the quotelevel. Thereare differenttypesof level information as markets and
sourcesare differentin natureand also differently organized. Somelevel information can be
termed“price”, someotherinformation suchas transactionvolume figurescannot. Somenon-
pricessuchasimplied volatility quotescanbetreatedaspriceswith bid andaskquotes.A neutral
term suchas“level” or “filtered variable” is thereforepreferredto “price”. In the caseof op-
tions, the price might befirst convertedto animplied volatility whichis thenthefilteredvariable.
Differentquotingtypesrequiredifferentfiltering approacheghis is discussedbelow.

3. Information on the origin of the quote: information provider, nameof exchangeor bank, city,
country time zone,.... In thefiltering algorithm, we only needone function to compae two
origins. This will be usedwhenjudgingthe independencandcredibility of quotesasexplained
in furthersections A furtheranalysisof banknamesor otherIDs is notreally needed.

4. Sideinformation: everythingthat doesnot fall into one of the threeaforementionedateyories,
e.g. asecondime stamp.Thisis ignoredby filtering.
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Thislist summarizeshe generaldataorganizationfrom the perspectie of thefiltering requirements.

Theinformationon the quotelevelsis organizedn differentstructuresiependingon the market andthe
source.Someimportantcasesarelistedhere:

e single-valuedjuotes eachquotehasonly onevaluedescribingts level. Example:stockindices.

¢ bid-askquotes eachquotehasabid valueandanaskvalue. Example:foreignexchanggFX) spot
rates.

e bid or askquotes eachquotehasa bid or anaskvalue,oftenin unpredictablesequenceThis can
beregardedastwo differentsingle-waluedtime series Example:quoteson someexchanges.

e bid or askor transactionquotes eachquotehasa bid valueor anaskvalueor atransactiorvalue.
Again, this canberegardedasthreedifferentsingle-valuedtime series.Example:the datastream
from the majorshort-terminterestratefuturesexchangeslsoincludestransactiordata.

e middlequotes:in certaincaseswe only obtainatime seriesof middle quoteswith aretreatedas
single-\aluedquotes. The caseof gettingonly transactionquotes(no bid, no ask)is technically
identical. Also transactionvolumefiguresaretreatedassingle-\aluedquotes for example.

¢ OHLC guotes:open/high/lav/close. Thereis no Olsenfilter for OHLC quotesasthereis no such
input datastreamin Olsens datacollection. However, thefilter architectures flexible: a special
OHLC filter canbe madein analogyto the bid-askfilter, alsowith sometestsof thewhole quote
followed by quotesplitting asto be explained.

e otherquotetypes we cannever besureto have acomprehense list of level quotingtypes.

The choserfilter structureis flexible enoughto treatall thesedifferentquotestructureslif a new, unex-
pectedquotestructureis encounteredt is straightforvard to derive a new classfor it, derved from the
baseclassof univariatefilters (in theterminologyof object-orientegprogramming).

2.3 Dataerror types

Our definitionof thetermdataerror is asfollows.

A dataerror is presentf a pieceof quoteddatadoesnot conformto thereal situationof the
marlket.

We have to identify a pricequoteasbeingadataerrorif it is neithera correctlyreportedransactiorprice
nor a possibletransactiorprice at the reportedtime. In the caseof indicative prices,we have to tolerate
acertaintransmissioriime delay though.

Therearemary causedor dataerrors.Theerrorscanvaguelybe separateéh two classes:
1. humanerrors:errorsdirectly causedy humandatacontrikutors,for differentreasons:

(a) unintentionalkerrors,e.g. typing errors;
(b) intentionalerrors,e.g. dummyquotesproducedust for technicaltesting;

2. systemerrors:errorscausedy computersystemstheir interactionsandtheir failures.
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Strictly speaking systemerrorsare alsohumanerrorsbecausehumanoperatorshave the ultimate re-
sponsibilityfor the correctoperationof computersystemsHowever, thedistancebetweerthedataerror
andtheresponsiblgpersonis muchlargerfor systemerrors.

In mary casesit is impossibleto find theexactreasorfor thedataerrorevenif thequoteis very aberrant.
Thetaskof thefilter is to identify suchoutliers,whatever thereason.

Sometimeghe causeof the error canbe guessedrom the particularbehaior of the bad quotes. This
knowledge of the error mechanisncan help to improve filtering and, in somecases correctthe bad
quotes.

The Olsenfilter hassomealgorithmicelementgo dealwith specialerrorsof differenttypes:

1. Decimal errors: Failureto changea “big” decimaldigit of the quote. Example: a bid price of
1.3498is followed by a true quote1.3505,but the published bad quoteis 1.3405. This erroris
mostdamagingf the quotingsoftwareis usinga cache memorysomavhere. Thewrongdecimal
digit may stayin the cacheandcausea long seriesof badquotes.For Reutergpagedata,this was
adominanterrortypearound1988! Nowadaysthis errortype seemso berare.

2. “Test” quotes Somedatacontritutorssometimesendtestquotesto the systemusuallyattimes
whenthemarletis notliquid. Thesetestquotescancausea lot of damagebecaus¢hey maylook
plausibleto thefilter, atleastinitially. Two importantexamples:

e “Early morning test”: A contritutor sendsabadquoteveryearlyin themorning,in orderto
testwhetherthe connectiorto the datadistributor (e. g. Reuters)s operationallf the market
is inactive overnight,notraderwouldtake thistestquoteseriously For thefilter, suchaquote
may beamajorchallenge Thefilter hasto bevery critical to first quotesaftera datagap.

e Monotonic series Somecontritutorstestthe performanceandthe time delayof their data
connectionby sendinga long seriesof linearly increasingquotesat inactive timessuchas
overnightor during a weelend. For thefilter, this is hardto detectbecausejuote-to-quote
changedook plausible.Only the monotonicbehaior in thelong run canbe usedto identify
thefake natureof this data.

3. Repeatedquotes Somecontrikutors let their computersrepeatthe last quotein more or less
regulartime intenals. This is harmlessf it happensn a moderateway. In somemarketswith
high granularityof quoting (suchas Eurofutures) repeatedjuotevaluesare quite natural. How-
ever, therearecontritutorsthatrepeatld quoteshousand®f timeswith high frequeng, thereby
obstructingthefiltering of the few goodquotesproducedby other morereasonableontritutors.

4. Quote copying. Somecontributors employ computersto copy and re-sendthe quotesof other
contritutors, just to shav a strongpresencen the datafeed. Thusthey decreas¢he dataqual-
ity, but thereis no reasonfor afilter to remove copiedquotesthat are on a correctlevel. Some
contritutorsrun programsto produceslightly modified copiedquotesby addinga smallrandom
correctionto the quote. Suchslightly varying copiedquotesare damagingoecausdhey obstruct
the clearidentificationof fake monotonicor repeatederiesmadeby othercontritutors.

5. Scaling problem: Quoting corventionsmay differ or be officially redefinedin somemarlets.
Somecontritutors may quotethe value of 100 units, othersthe value of 1 unit. The filter may
run into this problem“by surprise”unlessa very actie filter useranticipatesall scalechangesn
adwanceandpreprocessethe dataaccordingly

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

raw quotes raw quotes
A
Filter > Filter
filtered quotes credibility of quotes,
A . v filtering results

Normal data use

=

Special data user

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.

Figurel: Flow charts of the filter application

3 General overview of the filter

Beforeexplainingthe mary detailsof thefilter, someoverview is given. The functionality of the filter
from the users perspectie aswell asthe basicinternalstructureis described.

3.1 The functionality of the filter

The functionality of the filter is first describedon a generallevel. The flowchartsof Figure 1 shav
sometypical applicationsof thefilter in a larger context. Normal usersjust wantto eliminate“invalid”
datafrom the stream,but the charton the right-handside shavs that the filter canalso deliver more
informationon the quotesandtheir quality.

Thefilter hassomeconfigurationparameterglependingon the type of the instrument,asto be shavn
later Onceit is createdjt performsthefollowing operations:

e |t isfed by financialquotesn the orderedsequencef their time stamps.
¢ It deliversthefiltering resultsof the samequotesin the sameorderedsequencefor eachquote:
— thecredibility of thequotebetweerO (totally invalid) and1 (totally valid), alsofor individual
elementssuchasbid or askpricesor thebid-askspread;

— the value(s)of the quote,whoseerrorscan possiblybe correctedin somecasesvherethe
errormechanisnis well known;

— thefiltering reasongxplainingwhy thefilter hasrejected(or corrected}hequote.
Specialfilter usersason theright-handside of Figure1 maywantto useall thesefiltering results,e. g.

for filter testingpurposes.Normal usersuseonly those(possiblycorrected)quoteswith a credibility
exceedingathresholdvalue(whichis oftenchoserto be 0.5). They ignoreall invalid quotesandall side
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resultsof thefilter suchasthe filtering reason.By doing so, they areprocessinghe dataasin the left
flowchartof Figurel.

Thetiming of thefilter operationds non-trivial. In real-timeoperation,a perquoteresultis produced
right afterthe correspondingjuotehasenteredhefilter. In historical operationthe usercanseea per
guoteresultonly afterthefilter hasseena few newer quotesandadaptedhe credibility of olderquotes
accordingly

Thefilter needsa build-up period as specifiedby section9.1. This is naturalfor an adaptve filter. If
thefiltering sessiorstartsat thefirst available quote(databasetart),the build-up meango run thefilter
for afew weeksfrom this start,storinga setof statisticalvariablesin preparatiorfor restartingthefilter
from the first available quote. The filter will thenbe well adaptedbecausét canusethe previously
storedstatisticalvariables.If thefiltering sessiorstartsat somelaterpointin thetime seriesthe natural
build-up periodis the periodimmediatelyprecedinghefirst quoteof the session.

The describedunctionality refersto the univariate Olsenfilter, wherea financialinstruments filtered
independentlyfrom otherinstruments. This concepthasto be upgradedn the caseof a multivariate
filtering algorithmyetto be developed seesection8.4.

Thefiltering algorithmcanbe seenasonewholeblock thatcanbe usedseveraltimesin a dataflow, also
in series.Examples:

¢ Mixing alreadyfiltereddatastreamdrom severalsourcesvherethe mixing resultis againfiltered.
Thedangelis thatthe combinedfilters rejecttoo mary quotesgspeciallyin thereal-timefiltering
of fastmoves(or pricejumps).

e Filtering combinedwith computationablocks: raw data— filter — computationablock — filter
— application.Somecomputationablockssuchascrossrateor yield curve computationsequire
filteredinputandproducean outputthatthe usermay againwantto filter.

Repeatediltering in serieds ratherdangeroupecausdé mayleadto too mary rejectionsof quotes If it
cannotbe avoided,only oneof thefilters in the chainshouldbe of the standardype. The otherfilter(s)
shouldbe configuredio beweak,i. e.they shouldeliminatenot morethanthetotally aberranputliers.

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 univariatg it treatsonly one financial instrumentat a
time. Of coursewe cancreatemary filter objectsfor mary instrumentsbut thesefilters do notinteract
with eachother

However, we canadda higherhierarchylevel at the top of Table1 for multivariatefiltering. A multi-
variatefilter could coordinateseveral univariatefilters andenhancehefiltering of sparsdime seriesby
usinginformationfrom well-coveredinstrumentsThisis discussedh section8.4.

Details of the different algorithmic levels are explainedin the next sections. The sequencef these
sectiondollows Tablel, frombottomto top.

In Figure2, the structureof thefilter is alsoshavn in theform of a UML classdiagram.UML diagrams
(the standardn object-orientedsoftware development)are explainedin [Fowler andScott, 1997, for
example.The saméfilter technologymight alsobeimplementedslightly differentfrom Figure?2.

The threehierarchylevels of Table 1 canbe found againin Figure 2: (1) the univariatefilter (Uni-
varFilter), (2) the full-quote filtering window (FullQuoteWndow) and (3) the scalarfiltering window
(ScalarQuote\ividow). Note thatthe word “tick” is just a synorym of the term “quote”. Thefilter as

O&A Consulting 7



hier- | name of | purposedescription
archy| thelevel
level
1 univariate | Thecompletefiltering of onetime series:
filter e passingncomingquotesto the analysisof the lower hierarchylevels;
¢ managinghefilter resultsof thelower hierarchylevelsandpackaginghese
resultsinto theright outputformatof thefilter;
e supportingreal-timeandhistoricalfiltering;
e supportingone or morefiltering hypotheseseachwith its own full-quote
filtering window.
2 full-quote | A sequencef recentfull quotes,someof thempossiblycorrectedaccordingto a
filtering generalfiltering hypothesisTasks:
window e guote splitting (the most impostanttask): splitting full quotes(suchas
bid/ask)into scalarquotesto befilteredindividually in their own scalarfil-
teringwindows;
¢ abasicvalidity test(e. g. whethermpricesarein the positive domain);
e apossiblemathematicalransformatior(e.g.: logarithm);
e all thosefiltering stepsthat requirefull quotes(not just bid or ask quotes
alone)aredonehere.
3 scalar A sequencef recentscalarquoteswhosecredibilitiesare still in the processof
filtering beingmodified. Tasks:
window e testingnew, incomingscalarquotes;
e comparinga newn scalarquoteto all older quotesof the window (usinga
specialbusinesdime scaleanda dependencanalysisof quoteorigins);
e computingafirst (real-time)credibility of the new scalarquote;
¢ modifying the credibilitiesof older quotesbasedon theinformationgained
from thenew quote;
e dismissingthe oldestscalarguotewhenits credibility is finally settled;
¢ updatingthe statisticswith sufficiently crediblescalarquoteswhenthey are
dismissedrom thewindow.

Tablel: The basic structure of the filtering algorithm.

explainedin the whole documentis muchricher thanthe classstructureshavn in Figure2. Thefilter
alsocontainssomespecialelementssuchasa filters for monotonicfake quotesor scaledquotes. The
descriptionof thesespecialfilter elementdiasbeenmaovedto the separatesection8, following the main
filter description. However, everythingfits into the main structuregiven by Table1 andFigure2. We
recommendhatthe readerepeatedlyconsultthis tableandthis figurein orderto regainanovervien of
thewholealgorithmwhile readingthe next sections.
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UnivarFilter

Tickinfo oldest()

Window Tickinfo newest()
16N Tickinfo LevelUnivarFilter BidAskUnivarFilter
L1 X {accessorsto results}
FullQuoteWindow % addNewest(time,level,..) addNewes{time,bid,ask,..)
H* : 1.*
Tick @ ——  Scalar
? time
1.* origin value
credibility()
ScalarQuoteWindow
1 1 1
{many statistical variables} .
insertTick (ScalarTick) quotes oldValidQuotes Confidence
testNewTick (ScalarTick, ..) trustCapital
. 1 credibility()
?1 ! oldValidQuotes
* ScalarTick
Origins quotes

= |_scalar

independence(..,..)

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 discussedn a bottom-to-topspecificationis the scalarfiltering window. Its
positionin the algorithmis shavn in Figure 2 (classScalarQuote\vidow). Window filtering relieson
a numberof conceptsaandoperationghat are presentedven beforediscussinghe managemenof the
window.

Thebasicfiltering operationseethe quotesin the simplifiedform of scalarquotesconsistingof:
1. thetime stamp,
2. onescalarvariablevalueto befiltered (e. g. thelogarithmof abid price),heredenotedy x,

3. theorigin of thequote(asin thefull quoteof section2.2).
Thebasicoperationcanbedividedinto two types:

1. Filtering of singlescalarquotes:consideringhe credibility of onescalarquotealone.An impor
tantpartis thelevelfilter wherethelevel of thefilteredvariableis the criterion.

2. Pair filtering: comparingtwo scalarquotes. The mostimportantpart is the chang filter that
considergthe changeof the filtered variable from one quoteto anotherone. Filtering depends
on the time intenal betweenthe two quotesandthe time scaleon which this is measured.Pair
filtering alsoincludesa comparisorof quoteorigins.

The basicfiltering operationsand anotherbasic conceptof filtering, credibility, are presentedn the
following sections. Their actualapplicationin the larger algorithmis explained later, startingfrom
sectionb.
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Ciotal | C1
0 0.25 05 0.75 1

C, =
1 05 1 1 1 1
0.75 0O 05 075 0878 1
0.5 0 025 05 075 1
0.25 0 0122 025 05 1
0 0 0 0 0 (05)

Table2: The total credibility Ciotg resulting from two independent credibility values C; and C,. The
function Ciota) = C[T(Cy) + T(C2)] defines an addition operator for credibilities. Egs. 4.1 and 4.2
are applied. The values in brackets, (0.5), are in fact indefinite limit values; Cigtq) may converge
to any value between 0 and 1.

4.1 Credibility and trust capital

Credibility is acentralconcepbf thefiltering algorithm. It is expressedy avariableC takingvaluesbe-
tween0 andl, wherel indicatescertainvalidity andO certaininvalidity. This numbercanbeinterpreted
asthe probability of a quotebeingvalid accordingto a certainarbitrarycriterion. For two reasonswe
avoid theformal introductionof theterm“probability”. First, the validity of a quoteis a fuzzy concept;
e. g. slightly deviating quotesof an overthe-counterspotmarket can perhapshe termedvalid even if
they arevery unlikely to leadto a real transaction.Secondwe have no modelof probability even if
validity could be exactly defined.Credibility canbe understoodasa “possibility” in the senseof fuzzy
logic [Zimmermann,1989.

Credibility is not additive: the credibility of a scalarquotegainedfrom two testsis not the sumof the
credibilitiesgainedfrom the individual tests. This follows from the definition of credibility between0
andl. Thesumof two credibilitiesof, say 0.75would be outsidethe allowed domain.

For internalcredibility computationsit is usefulto defineanadditive variable thetrust capital T which
isunlimitedin value. Thereis notheoreticalimit for gatheringevidencein favor of acceptingor rejecting
thevalidity hypothesisFull validity correspondso atrustcapitalof T = oo, full invalidity to T = —oo.
We imposea fixed, monotonicrelation betweenthe credibility C and the trust capital T of a certain
object:

1 T
M =73 2V1+T2 (4-1)
andtheinverserelation
c-1
TC) = —2— (4.2)
C(1-0C)

Therearepossiblealternatvesto this functionalrelationship.The chosersolutionhassomeadwantages
in theformulationof thealgorithmthatwill beshavn later

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

In the Olsenfilter, thereis only one analysisof a single quote,the level filter. Comparisondbetween
guotes(donefor a pair of quotes treatedin section4.3) are often moreimportantin filtering thanthe
analysisof asinglequote.

Thelevelfilter computesfirst credibility of thevalueof thefilteredvariable. Thisis usefulonly for those
volatile but mean-rgertingtime serieswherethe levelsassuchhave a certaincredibility in the absolute
sense- notonly thelevel changes Moreover, thetiming of the meanreversionshouldberelatively fast.
Interestratesor IR futuresprices,for example,are mean-rgerting only after time intenals of years;
they appeato befreely floatingwithin smallerintenals [Ballocchi, 1994. For thoseratesandfor other
prices,level filtering is not suitable.

Theolviousexamplefor fastmeanreversionandthusfor usingalevel filter is the bid-askspreadwvhich
canberathervolatile from quoteto quotebut tendsto staywithin afixedrangeof valuesthatvariesonly
very slowly over time. For spreadsan adaptve level filter is at leastasimportantasa pair filter that
considerghe spreacdchangebetweertwo quotes.

Thelevelfilter first putsthefilteredvariablevaluex (possiblytransformedisdescribedn section6.3)into
theperspectie of its own statisticaimeanandstandardleviation. Following thenotationof [ZumbachandM{ller, 2001,
thestandardizedariablex is defined:

. X—X

X T MSD[a9,2 x] (4.3)

. X—X
~ VEMA[BS,; (x—X2]

wherethe meanvalueof x is alsoa moving average:
X = EMA[AS; X] (4.4)

Thed-timescalgDacorogneetal., 1993 to beuseds discusseih sectiord.4. ThevariableAd, denotes
theconfigurablaangeof thekernelof themoving averagesandshouldcover thetime frameof themean
reversionof thefiltered variable;a reasonablealuefor bid-askspreads$asto be chosen.The iterative
computationof moving averagess explainedin [Mller, 1991 and[ZumbachandM{ller, 200]]. Here
and for all the moving averagesof the filtering algorithm, a simple exponentially weightedmoving
average(EMA) is usedby the Olsenfilter for efficiengy reasons.

A small|%| valuedesereshigh trust; an extreme|X| valueindicatesan outlier with low credibility and
negative trustcapital. Beforearriving ata formulafor thetrustcapitalasa functionof X, the distribution
functionof X hasto be discussedA symmetricform of the distribution functionis assumedht leastin
coarseapproximation Positive definitevariablessuchasthebid-askspreadarequiteasymmetricallydis-
tributed;thisis why they mustbemathematicallgransformedThis meanghatx is alreadyatransformed
variable,e. g. thelogarithmof the spreadasexplainedin section6.3.

Theamountof negative trustcapitalfor outliersdepend®n thetails of the distribution at extreme(pos-
itive andnegative) X values.A reasonabl@assumptions thatthe credibility of outliersis approximately
the probability of exceedingthe outlier value, given the distribution function. This probability is pro-
portionalto X~® wherea is calledthetail index of the fat-taileddistribution. We know thatdistribution
functionsof level-filteredvariablessuchasbid-askspread$M iller andSgier 1997 areindeedfat-tailed.
Determiningthe distribution functionanda in a moving samplewould be a considerabléask,certainly
too heavy for filtering software. Therefore we choosean approximateassumptioron a thatwasfound
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acceptablecrossnary rates filteredvariabletypesandfinancialinstrumentsa = 4. Thisvalueis also
usedin theanalogougpairfiltering tool, e. g. for price changesanddiscussedh section4.3.1.

For extreme events, the relation betweencredibility and trust capital, eg. 4.1, can be asymptotically
expandedasfollows:

1
C = 777 for T < —1 (4.5)

Termsof orderhigherthan(1/T)? areneglectedhere. Defininga credibility proportionalto ¢ is thus
identicalto defining a trust capital proportionalto X%/2. Assuminga = 4 , we obtain a trust capital
proportionalto 2. For outliers, this trust capitalis negative, but for small%, the trustcapitalis positive
up to amaximumvaluewe defineto be 1.

Now, we have the ingredientsto comeup with a formulathat givesthe resultingtrust capitalof theith
guoteaccordingo thelevel filter:

To = 1-&? (4.6)

wherethe index 0 of Ty indicatesthatthis is a resultof the level filter only. The variableg; is x in a
scaledandstandardizeform:

& = (4.7)

&2

with a constantéy. Eg. 4.6 togetherwith eq. 4.7 is the simplestpossibleway to obtain the desired
maximumandasymptotidoehaior. For certainrapidly mean-rgerting variablessuchashourly or daily
tradingvolumes this maybeenough.

However, the actualimplementatiorin the Olsenfilter is for bid-askspreadswvhich have somespecial
properties.Filter testshave shavn thatthesepropertieshave to betakeninto accountin orderto attain
satishctoryspreadilter results:

¢ Quotedbid-askspreaddendto clusterat“even” values.e.g. 10 basispoints,while thereal spread
may be an odd value oscillatingin a rangebelow the quotedvalue. A seriesof formal, constant
spreadsanthereforehide somesubstantial/olatility thatis not coveredby the statisticallydeter
mineddenominatoof eq.4.3. We needan offsetAx2min to accounffor thetypical hiddenvolatility
in thatdenominatarA suitablechoiceis Ax2, . = [constant(X+ constant)]?.

¢ High valuesof bid-askspreadsareworsein usabilityandplausibility thanlow spreadsby nature.
Thusthe quotedeviationsfrom the meanasdefinedby eq.4.3 arejudgedin a biasedway. Devi-
ationsto the high side (% > 0) arepenalizedby a factor pnigh whereasno suchpenaltyis applied
againstow spreads.

e For some(minor)financialinstrumentsmary quotesarepostedwith zerospreadsi, e.bid quote=
askquote.Thisis discussedn section6.1 (andits subsections)in somecaseszerospreadfiave
to beacceptedbut we seta penaltyagainsthemasin the caseof positve X;.

We obtainthefollowing refineddefinitionof &;:

£ % if X < 0 andnozero-spreadase 48
b phigh% if X > 0 orinazero-spreadase (4.8)
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wherex; comesfrom amodifiedversionof eq.4.3,

X—X

B VEMA[89:; (x—5)2] + %

% (4.9)

min

Theconstang determineghe sizeof anX thatis just large enoughto neitherincreasenor decreas¢he
credibility.

Eq. 4.8 is generalenoughfor all mean-rgerting filterable variables. The Olsenfilter hasa level filter
only for bid-askspreadslf we introducedothermean-reerting variables a goodvaluefor Ax2.. would
probablybe muchsmalleror even 0, phigh aroundoneandég larger (to toleratevolatility increasesn
absencef abasicvolatility level AXZ, ).

4.3 Pair filtering

The pairwisecomparisorof scalarquotesis a centralbasicfiltering operation. Simple filtering algo-
rithms, suchasthe old Olsenfilter asit wasaround1990,indeedconsistedf a simplesequencef pair
filtering operations:eachnev quotewasjudgedonly in relationto the “last valid” quote. The current
Olsenfilter makes more pairwise comparisonsalso for quotesthat are not neighborsin the seriesas
explainedin section5.

Pair filtering containsseveral ingredients the mostimportantone beingthe filter of variablechanges.
Thetime differencebetweerthetwo quotesplaysarole, sothetime scaleonwhichit is measuredhasto
be specified.The criterionis adaptiveto the statisticallyexpectedvolatility estimateandthereforeuses
someresultsfrom a moving statisticalanalysis.

Another basic pair filtering operationis the comparisonof the origins of the two quotes. Somedata
sourcesprovide rich informationaboutcontritutors, someother sourceshide this informationor have

few contritutors (or just one). The comparisorof quoteorigins hasto be seenin the perspectie of the

obsereddiversity of quoteorigins. Measuringhis diversity (which maychangeover time) addsanother
aspecbf adaptvity 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 adaptvity. The
changeof thefilteredvariablefrom the jth to theith quoteis

AXij = X —Xj (4.10)

Thevariablex may be the resultof a transformatiorin the senseof section6.3. Thetime differenceof
thequotesis Adj, measuredn atime scaleto be discussedh sectior4.4.

ThevariablechangeAx is putinto arelationto a volatility measurethe expectedvarianceV (AS) about
zero.V is determinedy theon-linestatisticsasdescribedn sectior4.3.2. Therelative changes defined
asfollows:

AXij

i = o /V (Ai))

(4.11)
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with a positive constantty which hasa value of 5.5 in the Olsenfilter andis further discussedelow.
Low || valuesdesere high trust, extreme|§| valuesindicatelow credibility andnegative trust capital:
atleastoneof thetwo comparedjuotesmustbe anoutlier.

The further algorithmis similar to that of the level filter asdescribedn section4.2, usingthe relatve
change;j insteadof the scaledstandardizedariableg;.

Theamountof negative trustcapitalfor outliersdependenthedistribution functionof changegx, espe-
cially thetail of thedistribution at extremeAx or & values.A reasonablassumptioris thatthecredibility
of outliersis approximatelythe probability of exceedingthe outlier value, given the distribution func-
tion. This probabilityis proportionato &~ wherea is thetail index of afat-taileddistribution. We know
thatdistribution functionsof high-frequeng pricechangesreindeedfat-tailed[Dacorognaetal., 1999.
Determiningthe distribution functionanda in a moving samplewould be a considerablg¢askbeyond
the scopeof filtering software. Thereforewe make aroughassumptioron a thatis goodenoughacross
mary rates,filtered variabletypesandfinancialinstruments.For mary price changesa goodvalueis
arounda = 3.5, accordingto [Dacorognaetal., 1998 Miller etal., 1999. As in sectiond.2,we gener
ally usea = 4 asarealistic,generabpproximation.

As in sectiond.2 andwith the help of eq. 4.5, we amguethatthe trust capital shouldasymptoticallybe
proportionalto &2 andarrive at a formulathatgivesthetrustcapitalasa functionof &:

Uj = U@ = 1-& (4.12)
whichis analogougo eq.4.6. Thistrustcapitaldependingnly on ¢ is calledU to distinguishit from the
final trustcapital T thatis basedon morecriteria. At & = 1, eq.4.12yields a zerotrustcapital,neither
increasingnor decreasinghe credibility. Intuitively, a variablechangeof few standardieviationsmight
correspondo this undecidedsituation;smallervariablechangeseadto positive trustcapital,largerones

to negative trustcapital.In fact,theparametegg of eq.4.11shouldbeconfiguredo ahighvalue,leading
to arathertolerantbehaior evenif thevolatility V is slightly underestimated.

The trust capitalU;; from eq. 4.12is a sufiicient conceptunderthe bestcircumstancesindependent
guotesseparatedby a smalltime intenal. In the generakcase a modifiedformulais neededo solve the
following threespecialpair filtering problems.

1. Filtering shouldstay a local concepton the time axis. However, a quotehasfew closeneigh-
borsand mary moredistantneighbors.Whenthe additive trust capital of a quoteis determined
by pairwise comparisondo other quotesas explainedin section5.2.1, the resultsfrom distant
guotesmustnot dominatethosefrom the closeneighborstheinteractionrangeshouldbe limited.
This is achieved by definingthe trust capital proportionalto (A%)~2 (assuminga constant) for
asymptoticallylarge quoteintenals AS.

2. ForlargeAS, evenmoderatelyaberranjuotesvould betooeasilyacceptedby eq.4.12. Therefore,
theaforementionedeclineof trustcapitalwith groving AS is particularlyimportantin the caseof
positive trustcapital. Negatie trustcapital,on the otherhand,shouldstaystronglynegative even
if AD is ratherlarge. The new filter needsa selectve declineof trust capitalwith increasingAS:
fastfor small € (positive trust capital),slow for large & (negative trust capital). This treatments
essentiafor dataholesor gapswherethereareno (or few) closeneighborguotes.

3. Dependenguotes:if two quotesoriginatefrom the samesource their comparisorcanhardlyin-
creasdhecredibility (butit canreinforcenegative trustin thecaseof alargeg). In sectiord.3.3,we
introduceanindependenceariablel;j betweerD (totally dependentand1 (totally independent).

Thetwo lastpointsimply a certainasymmetryin thetrustcapital: gatheringavidencein favor of accept-
ing aquoteis moredelicatethanevidencein favor of rejectingit.
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&l =
4 | -150 -149 -142 -102 -3.2
2 30 29 25 -12 -022
1 o 0 0 0 0

0.5 0.75 0.68 042 0.10 0.014
0 1 0.89 050 0.11 0.015

Table3: The trust capital T resulting from a comparison of two independent (I* = 1) scalar guotes,
depending on the relative variable change & and the time interval A% between the quotes. § is
defined by eq. 4.11, and d and v are explained in the text.

All theseconcernganbetakeninto accounin anextendedversionof eq.4.12. Thisis thefinal formula
for the trustcapitalfrom a changdfilter:

T = TEXA%,l) = 17 18 (4.13)
ij = ijpevipp i) = lij l_I_Eizj_l_(dAﬁij)g '

\

"%
|
—N—
=
._fW
A
H

1 it e s (4.14)
Theindependencg; is alwaysbetweerD and 1 andis computedoy eq.4.23. Thevariabled is a quote
densityexplainedin section4.3.2. The configurableconstant determinesa sortof filtering interaction
rangein units of thetypical quoteintenal (=~ 1/d).

Table3 shaws the behaior of thetrustcapitalaccordingto eq.4.13. Thetrustcapitalcorvergesto zero
with an increasingquoteinternal A3 muchmore rapidly for small variable changegg| thanfor large
ones.ForsmallAd;; andlj; = 1, eq.4.13cornvergesto eq.4.12.

4.3.2 Computing the expectedvolatility

Theexpectedvolatility is afunctionof the sizeof thetime interval betweerthe quotesandthusrequires
alargercomputatioreffort thanotherstatisticalvariables.Only crediblescalarquotesshouldbe usedin
thecomputation.Theupdatesf all statisticsarethereforemanagedy anothempartof thealgorithmthat
knows aboutfinal credibilitiesasexplainedin section5.4.2.

Choosingan appropriatgime scalefor measuringhe time intenals betweenguotesis alsoimportant.
A scalelike 9-time [Dacorognaetal., 1993 is goodbecauseét leadsto reasonableolatility estimates
without seasonatlisturbancesThisis furtherdiscussedn sectiond.4.

The expectedvolatility computatiorcanbeimplementedvith moreor lesssophisticationHere,arather
simplesolutionis taken. Thefirst requiredstatisticalvariableis the quotedensity:

d = EMA[AY,;

=3 (4.15)
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Thisis amoving averagein thenotationof [ZumbachandMuller, 2007; 89 is thetime interval between
two “valid” (asdefinedonahigherlevel) neighbomuotesonthechosertime scale whichis §-time, asin
all thesecomputationsA3; is the configurablerangeof the kernelof the moving average.Thevariable
cq istheweightof thequotewhich hasavalueof ¢y = 1 or lowerin caseof repeatedjuotevalues.Theit-
erative computatiorof moving averagess explainedin [M uller, 1991 and[ZumbachandM{ller, 2007].
Thevaluel/3% hasto beassumedor the whole quoteintenal which impliesusingthe “next point” in-
terpolationasexplainedby the samedocumentslit canbeshavn thata zerovalueof 63 doesnotleadto
asingularityof the EMA (but mustbehandledcorrectlyin a softwareprogram).

An annualizedsquaredmicro”volatility is definedasavariance againin form of amoving average:

(52

] (4.16)

wherethe notation(alsothe o operator)is againdefinedby [ZumbachandMdller, 2001 andthe range
A8, is thesameasin eq.4.15. dx is the changeof the filtered variablebetween(suficiently credible)
neighborquotes.Thereis a smalltime interval offset

039 = max %, OO min ) (4.17)
The small positive term &3¢ accountsfor someknown short-termbehaiors of markets: (1) certain
asynchronicitiesn the quotetransmissions(2) sometemporarymarket level inconsistencieshat need
time to be arbitragedout, (3) a negative autocorrelatiorof mary market pricesover shorttime lags
[Guillaumeetal., 1997. However, &3 is not neededo avoid singularitiesof v; even a zerovalue of
both &3 and &3¢ would not leadto a singularity of the EMA. The “next point” interpolationis again

appropriatén the EMA computation.

Strictly speakingy canbe calledannualizeconly if 3 is measuredn years,but the choiceof this unit
doesnot matterin our algorithm. The exponentof theannualizatior(here:assuminga Gaussiardrift) is
nottoo importantbecauséehe differentvaluesof 83 sharethe sameorderof magnitude.

Experienceshavsthatthevolatility measuref thefilter shouldnotonly rely ononevariancev asdefined
above. In the Olsenfilter, we usethreesuchvolatilities: vias, V andvgiey. All of themarecomputedoy
eq.4.16,but they differ in their rangesAd,: izt hasa shortrange,v a medium-sizedangeandvggy a
long range.The expectedvolatility is assumedo bethe maximunof thethree:

Vep = MaXVrast Vs Vsiow) (4.18)

Thisis superiorto takingonly v. In caseof a market shock,the rapid growth of vias; allows for a quick
adaptatiorof thefilter, whereaghe inertia of vgiqy preventsthefilter from forgettingvolatile eventstoo
rapidly in aquietmarket phase.

Fromthe annualized/ep, We obtainthe expectedsquarecchangeasa functionof thetime interval A9
betweentwo quotes.At this point, the Olsenfilter hasa specialelemento preventthefilter from easily
acceptingprice changeover large datagaps.time periodswith no quotes.Datagapsare characterized
by alargevalueof A9 but very few quoteswithin thisinterval. In caseof datagaps.anupperlimit of AS
is enforced:

2.5Q

A'acorr — mln[ T’ maX(

0.1
TQ,AS) ] (4.19)
whered is takenfrom eq.4.15andQ is thenumberof valid quotesin theintenal betweerthetwo quotes;
thisis explainedin section5.2. Eq.4.19alsosetsa lower limit of AS .oy in caseof avery highfrequeny

of valid quotesthis is importantto validatefasttrendswith mary quotes.
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The correctedquoteinterval AS corr is Now usedto computethe expectedsquarectchangeV:
V. = V(&3cor) = (ABcorr+0d0) Vexp+Vo (4.20)

ThisfunctionV (A ¢orr) is neededn thetrustcapitalcalculationof sectiond4.3.1andinsertedn eq.4.11.
Thepositive offsetVy is smallandcouldbe omittedin mary casesvith nolossof filter quality. However,

asmallVp > 0is useful. Somequotesarequotedin coarsegranularity i. e.the minimum stepbetween
two possiblequotevaluesis ratherlarge ascomparedo the volatility. This is the casein someinterest
ratefuturesandalsofor bid-askspreadgin FX markets)which oftenhave aroundedsizeof 5, 10 or 20

basispointswith rarely a valuein between.Quoteswith coarsegranularityhave a hiddenvolatility: a
seriesof identicalquotesmay hide a mavementof a sizesmallerthanthe typical granule. ThetermVj

thusrepresentshe hiddenvolatility:

Vo = 0.25¢g%+¢3 (4.21)

wherethe granulesize g is determinedby eq. 8.65. The whole granularity analysisis explainedin
section8.2 whereit playsa morecentralrole. Thereis yet anotherterme which is extremelysmallin
normalcasesThis sg is notrelatedto economicsit hasthe purely numericattaskto keepVy > 0.

The terme3 however playsa specialrole if the scalarvariableto be filteredis a (mathematicallytrans-
formed)bid-askspread.The spreadilter is the leastimportantfilter, but leadsto the highesthumberof
rejectionsof FX quotesif it is configuredsimilar to thefilter of otherscalars.This factis not accepted
by typicalfilter users:ithey wanta moretolerantspreadilter. A closerlook shawvs thatdifferentcontrib-
utorsof bid-askquotesoftenhave differentspreadjuotingpolicies. They areofteninterestednly in the
bid or asksideof the quoteandtendto pushthe otherside off the real market by choosinga too large
spread.Thisresultsin theso-calledbid-askbouncingandin spread®f differentsizesbetweemeighbor
guotesevenin quietmarkets. In someminor FX markets,somecontritutorseven mix retail quoteswith
very large spreadsnto the streamof interbankquotes.In ordernotto rejecttoo mary quotesfor spread
reasonswe have to raisethetoleranceor fastspreadchangesandrejectonly extremejumpsin spreads.
This meangaisinge3. The Olsenfilter haseg = constant(x+ constant), wherex is definedby eq.4.4.
This choiceof gy canbe understoodcandappreciatedf the mappingof the bid-askspreadgeq.6.45,is
takeninto account.

In afilter run startingfrom scratch,we setVy = 5(2) andreplacethis by eq.4.21assoonasthe granule
estimatey is available,basedon real statisticsfrom valid quotegasexplainedin section8.2).

4.3.3 Comparing quote origins

Pair filtering resultscan add somecredibility to the two quotesonly if theseare independent. Two

identicalquotesfrom the samecontritutor do not adda lot of confidenceo the quotedlevel — the fact
that an automatedjuoting systemsendsthe samequotetwice doesnot make this quotemorereliable.
Two non-identicalquotesfrom the samecontritutor mayimply thatthe secondjuotehasbeenproduced
to correcta badfirst one;anotheiinterpretatiomrmight bethatanautomatedjuotingsystemhasarandom
generatoto sendasequencef slightly varyingquoteso markpresencentheinformationsystem.(This

is why athird quotefrom onecontritutor in arapidsequencshouldbe givenmuchlessconfidencehan
aseconcane,but this subtlerule hasnotyet beenimplemented)Differentquotesfrom entirely different
contributorsarethe mostreliablecasefor pair filtering.

The basictool is a functionto comparethe origins of the two quotes,consideringthe main source(the
information provider), the contritutor ID (bankname)andthe locationinformation. This impliesthat
availableinformationon contritutorshasa valuein filtering andshouldbe collectedratherthanignored.
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An “unknown” origin is treatedjust like anotherorigin name. The resultingindependenceneasurdi’j
is confinedbetweerD for identicaloriginsand1 for clearly differentorigins. In somecaseqe. g. same
bankbut differentsubsidiary)a brokenvaluebetweerD and1 canbe chosen.

Ii'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 origins mustbe differentfrom that of datawith a
rich variety of origins. The generaldiversity D canbe definedasa moving averageof thel!;_, of valid

neighborquotes:
D = EMA][tick-time, r; I/;_;] (4.22)

wheretheranger (centerof gravity of thekernel)is configuredto about9.5. The “tick-time” is atime
scalethatis incrementedy 1 at eachnew quoteused;the notationof [ZumbachandMdller, 2007 is

applied. The “next point” interpolationis againappropriatein the EMA computation. Only “valid”

guotesare used;this is possibleon a higherlevel of the algorithm, seesection5.4.2. By doing so,
we prevent D from beingloweredby bad massquotesfrom a single computerizedsourceovernightor
weelend. Thuswe areprotectedagainsta toughfiltering problem:the high numberof badmassguotes
from a singlecontritutor will notforcethefilter to accepthebadlevel.

Theuseof D makestheindependenceariablel;; adaptve throughthefollowing formula:
lij = Ii’j +f(D) (1— Ii’j) (4.23)
with

0.0005+ (1—D)®

2.001 (4.24)

f(D) =

If the diversity is very low (e. g. in a single-contrilntor source),this formula (reluctantly) raisesthe
independencestimatel;j in orderto allow for somepositve trust capital to build up. For a strictly
uniformsource(l’ = D = 0), l;; will reach0.5,thatis onehalf of thel;; valueof truly independentjuotes
in amulticontritutor series.

Theoutputvariablel;; resultingfrom eq.4.14is alwaysconfinedbetweerD and1 andis generallyused
in eg.4.14. Somespecialcaseseeda specialdiscussion:

¢ Repeatedjuotes. Rarely the raw datacontainslong seriesof repeatedjuotesfrom the same
contritutor, andthe obtainedvalueof I;; may still be too high. Solution: in the Olsenfilter, this
caseis handledby a specialffiltering elemenidescribedn section8.2.

¢ High-quality data. In Olsens databasewe have completedand meiged our collecteddatawith
someold, historical, commerciallyavailable daily datathatwasof distinctly higherquality than
the datafrom a single,average-qualitycontributor. Whencomparingtwo quotesfrom this histor
ical daily data,we forcedli’j = 1 althoughthesequotescamefrom the same“contributor”. This
specialfiltering elementis necessarpnly if thereare huge,proven quality differencesbetween
contritutors; otherwisewe canomit this.

e Only in multivariatefiltering (which is not includedin the currentOlsenfilter, seesection8.4):
Artificial quotesthat might be injectedby a multivariatecovarianceanalysisshouldhave Ii'j =1
whencomparedo eachotheror to ary otherguote.
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market K| tstatk  tendk
(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 playsarole in the adaptve elementf thelevel filter aswell asin almostall partsof the change
filter. Variablechangesaretoleratedmore easilywhenseparatedy a large time intenal betweenthe
time stampsWhenusingtheterm*“time intenal”, we needto specifythetime scaleto be used.

The algorithmworks with ary time scale,but someare more suitablethanothers. If we toleratequote
level changef the samesizeover weelend hoursthanover working hours,we have to acceptalmost
ary badquotefrom thefew weelendcontritutors. Theseweelendquotesare sometimegestquotesor
otheroutliersin the absencef a liquid market. The samedangerarisesduring holidays(but holidays
may be confinedto individual countries).

The choiceof the time scaleis important. Accountingfor the low weelend actiity is vital, but the
exacttreatmenbf typical volatility patterngduringworking daysis lessimportant. Thereforewe cannot
acceptusingonly physicaltime (= calendar/clockime), but the following solutionsarepossible:

1. A very simplebusinesgime with two states:active (working days)andinactive (weelendfrom
Friday 21:00:00GMT to Sunday21:00:00GMT, plusthe mostimportantandgeneralholidays);
the speedof this businesdime ascomparedo physicaltime would be either1.4 (in active state)
or 0.01(in inactive state);

2. An adaptvely weightedmeanof threesimple,genericbusinesgime scalesd: smoothlyvarying
weightsaccordingo built-in statistics.Thisis thesolutionrecommendedtbr a new filter develop-
mentindependendf Olsens complex 3 technology

3. An adaptvely weightedmeanof threegenericbusinesdime scales) asdefinedoy [Dacorogneetal., 1993;

This is the solutionof thefilter runningat Olsen,which requiresa rathercomplicatedmplemen-
tationof 9-time.

For anew filter implementatioroutsideOlsen the secondsolutioncanbetaken. It hasa goodadaptvity
withoutdependingnthecomplex § technologyof Olsen.Thesecondsolutiondiffersfrom thethird one
only in the definition of the basic8-time scales.Their useandthe adaptvity mechanisnarethe same
for bothsolutions.

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

ad { 34  if tstank < ta < tendk Onaworkingday (4.25)

dt 0.01 otherwise(inactive times weelends holidayg

wherety is the daytimein GreenwichMean Time (GMT) andthe genericstartand end times of the
working-daily activity periodsare given by Table4; they correspondo typical obserationsin several
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markets. The active periodsof exchange-tradethstrumentsaresubset®f the active periodsof Table4.
Thetime scalesdy aretime integralsof dd/dt from eq.4.25. Thusthetime 9y flows eitherrapidly in
active market timesor very slowly in inactive times; its long-termaveragespeeds similar to physical
time. Theimplementatiorof eq.4.25requiressomeknowledgeon holidays. The databas®f holidays
to be appliedmayberudimentary(e. g. just Christmas)r moreelaborateo cover all main holidaysof
the financialcenterson the threecontinents.The effect of daylightsaving time is neglectedhereasthe
market activity modelis anyway coarse.

In Olsensin-housesolution,thethreed-timesaredefinedaccordingo [Dacorogneetal., 1993; effects
like daylightsaving time andlocal holidays(i. e. characteristidor onecontinent)arecovered. The ac-
tivity in themorningof thegeographicamarketsis higherthanthatin the afternoon- atypical behaior
of FX ratesand,evenmoreso,interestrates,interestratefuturesandotherexchange-tradedarkets. In
both solutions,the sharplydefinedopeninghoursof exchange-tradetharketscannotfully be modeled,
but the approximatiorturnsout to be satishctoryin filter tests. Olsenis currentlytestinganimproved
versionof §-time wheresudderchange®f market actvity over daytimecanbe modeled.

Oncethe threescalesdy aredefined(by the integrals of eq.4.25in our suggestion)their adaptvely
weightedmeanis constructecandusedasthetime scaled for filtering. This 8-time is ableto approx-
imately capturethe daily andweekly seasonalityandthe holiday lows of volatility. Absoluteprecision
is not requiredas®d is only oneamongmary ingredientsof thefiltering algorithm, mary of which are
basedon rathercoarseapproximationsThisis the definitionof 3-time:

3 = Wi D (4.26)
&
with
we = 1 (4.27)
&

where“all kK" means‘all markets”. This is 3 in our case,but the algorithmalsoworks for ary other
numberof genericmarkets. The weightswy are adaptve to the actualbehaior of the volatility. A

high wy reflectsa high fitnessof 9, which implies thatthe volatility measuredn 9 haslow seasonal
variations.

The determinationof the wyx might be donewith complicatedmethodssuchas maximumlikelihood
fitting of a volatility model. However, this would be inappropriategiven the corvergenceproblemsof
fitting andthe arnyway existing modelinglimitationsof eq.4.26. The heuristicmethodof the Olsenfilter
alwaysreturnsan unambiguousolution. The volatility of changesf the filtered variableis measured
onall 9¢-scalesn termsof avariancesimilarto eq.4.16:

(8%)?

55,155, (4.28)

Ok = \/EMA[A‘ssmootH

whereddy is theinterval betweernvalidatedneighborquotesin 9y-time, dx is the correspondinghange
of thefilteredvariable, 09 is definedby eq.4.17andthetime scaleof theEMA is 9-time. Thenotation
of [ZumbachandMiiller, 2007 is againused. Smoothingwith a shortrangeAd smeoth iS Necessaryo

diminish the influenceof quote-to-quotenoise. The EMA computationassumes constantvalue of

(8X)2/ (89 + 89¢) for thewhole quoteintenal, this meanghe “next point” interpolation[M diller, 1991,

ZumbachandMduller, 20017.
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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

The fluctuationsof the variableoy indicatethe badnes®f the 8y model. In the caseof a badfit, oy is
oftenverylow (whenthedy-scaleexpandgime) andsometimesery high (whenthedg-scalecompresses
time). Thefluctuationsarequantifiedin termsof the variancer:

F« = EMA[AY,; (ok—EMA[AY,; ok])?] = (4.29)
= MVar A9, 2; o]

in the notationof [ZumbachandM{ller, 200]], wherethe time scaleis againd-time. The rangeAd,
hasto be suitablychosen.In our heuristicapproximationthe fluctuationsdirectly definethe weight of
thek’'th marlet:

1

SR - 4.30
Fe Yanw % ( )

Wk

which satisfieseq.4.27andcanbeinsertedn eq.4.26.
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5 The scalarfiltering window

The filter is usinga whole neighborhoodf quotesfor judging the credibilities of scalarquotes: the
scalarfiltering window. This window coversthe setof all quotesof a time seriesthatare containedn
atimeintenal. In the courseof the analysishew quotesareintegratedandold quotesaredismissecht
the backendof the window following a certainrule. Thusthewindow is moving forwardin time. This
mechanisnis illustratedby Figure3.

All the scalarquoteswithin the window have a provisional credibility value which is modified with
newv incoming quotes. When the quotesleave the window, their credibilities are regardedas finally
determinedSuficiently crediblequotesarethenusedto updatethe statisticsneededor adaptvity.

At the initialization of afilter from scratch the window is empty Whenthefirst scalarquoteenters,it
cannotbefilteredby pairfiltering yet, only thelevel filter applies.

5.1 Entering a new quotein the scalar filtering window

Wheneer anew scalarquoteenterghewindow, ananalysids madebasedn earlierresultsandthe new
quote.

Therearetwo possiblewaysin which a new quoteentersthe scalarfiltering window:

1. Thenormalupdate:A new scalarquotefrom the datasourceenters,is analyzedandfinally be-
comesthe nevestmemberof the scalarfiltering window. The window variablesare updatedac-
cordingly Theseoperationsaredescribedyy sectionss.2and5.3.

2. A filter test: A new scalarquotefrom ary sourceis merelytested.It is analyzedasin a normal
update but it doesnot becomea memberof the window. No window variableis changeddy this
test. Thuswe executethe stepsof section5.2 andavoid thoseof section5.3. Theresultingtrust
capitalof the new scalarquoteis returned.

5.2 Analyzing a newquotein the scalarfiltering window

5.2.1 Computing the trust capital of a new quote

Thealgorithmof thefiltering window is organizedn aniterative way. Whene&er a nenv quoteentershe
window, anupdatels madebasedn earlierresultsandananalysisof the new quote.

Whenthenew, ith scalarquotearrives,it alreadysatisfiescertainbasicvalidity criteria(e.g. apriceis not
negative) andhaspossiblybeentransformedo alogarithmicvalue. This is ensuredy the higherlevel
guotesplitting algorithmexplainedin section6. The following filtering operationsare donewith the
incomingith scalarquote:

1. ThebasetrustcapitalTjg is computedastheresultof thelevelfilter, eq.4.6,if thescalarguoteis a
bid-askspread.Otherwise T = 0. TheresultingTjg of eq.4.6is multiplied hereby a configured
constantese thatdeterminesheimportanceof level filtering.

2. Theneaw quoteis comparedo all old quotesof thewindow throughpairfiltering stepsasdescribed
in section4.3. The trust capitalsT; resultingfrom eq. 4.13 determinethe trust capital T; of the
new quoteandalsoaffectthetrustcapitalsT; of theold quotes.
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For computingT;;, we needthe expectedsquaredzaluechangev from eq.4.20andAd o fromeq.4.19
andthereforethe numberQ of valid quotesin thetime intenal from quotej to quotei. For this, we use
thevalid-quoteageQ; of theold quotes:

Q = Qj+1, (5.31)

Theincrementoy 1 standgor the new quotewhichis notyetintegratedin thewindow. Thecomputation
of Q;j is explainedat theendof section5.3. Theresultingvalueof Q is insertedn eq.4.19.

Thetrustcapitalof the new, ith quoteis computedn anadditive way asfollows:

i1
T = CeeTot H CjTj (5:32)

j=—n

T’ is not termedT becauset is not yet the final resultingtrust capitalin somecases. Eq. 5.32is a
weightedsumwith weightsC;j = C(T;) from eq. 4.1 which arethe currentcredibilities of the n other
guotesof thewindow.

The numbern of quotesusedfor comparisorto the ith quotehasan influenceon the trust capitaland
thusthecredibility. Thehigherthevalueof n, thehigherthetrustcapitalaccordingo eq.5.32(provided
thatwe arein a seriesof gooddata). This effect reflectsreality: the morecomparisongo otherquotes,
the more certainour judgmenton credibility. However, the trust capital cannotbe extendedinfinitely

by increasingn, asto be explained. If somemore distantquotesare used,the trust capital gainsT;;

arerapidly decreasingn absolutevalue,thanksto a term proportionalto (Ad;j)® in the denominatowof

eq.4.13. Thechoiceof nis furtherdiscussedn section5.4.

Eq. 5.32is a conserative conceptinsofar asit judgesthe credibility of a new quotein light of the
previously obtainedcredibilitiesC; of the earlierquotes.In the caseof anunusuallylarge real move or
pricejump, nen quoteson anew level might berejectedfor atoolongtime.

5.2.2 Thetrust capital in an “after -jump” situation

The Olsenfilter hasa specialmechanisnto dealwith “after-jump” situations. This may leadto a re-
evaluationof the situation,a correctionof theresultingtrustcapitalT; anda quicker acceptancef anew
level afterajump.

The first stepof the afterjump algorithmis to identify the locationof a possiblereal jump within the
scalarfiltering window. Thisis doneduringthe computatiorof eq.5.32. At every j, we testwhetherthe
incompletesumof thatequation,

-1
Tlaj = To+ > Cy Ty (5.33)
j'=1—n
is lessthanthecritical value Tgit:

Terit = MCever Tio— 1 (5.34)

(wherep s definedbelov). At thesametime, wetestT;; > O (thisindicateshaving reachedanew, stable
level afterthejumpratherthananoutlier). At thefirst j wherebothconditionsaresatisfiedwe conclude
thata valuejump musthave taken placesomevherebeforequote j — 1. Although this jump certainly
happenedeforequotej, we definejjump = j becausehisis theindex of thefirst quotewherewe have a
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reasorto believe thatthe jump wasreal. In orderto validatethis possiblyrealvaluejump, we initialize
analternativetrustcapital T.":

T atiumy = Terit — 0.5+ (T agj — Tert) (5.35)

We dilute the normaltrust capitaITifaltj by a small dilution factory. Wheninitializing the filter from
scratch(beforehaving seensomel0 acceptablajuotes) we choosea slightly larger u valuein orderto
preventthefilter from beingtrappedby aninitial outlier The offsetterm —0.5 in eq.5.35preventsthe
alternatve hypothesidrom beingtoo easilyacceptedFor all valuesof j > jjump, we set

T = uT (5.36)

andinsertthesedilutedtrustcapitalsT;" of old quotesin eq.4.1;theresultingcredibilitiesC{ areusedto
completethe computatiorof thealternatve trustcapital T;":

i—1
T = Tiféujjump*‘_ z Cﬁ'Tij (5.37)
1= ljump

analogouslyto eq.5.32. Thanksto thedilution effect, T;" is lessdeterminedby old credibilitiesthanT;'.

Now, we decidewhetherto take the normal, conserative trust capital T/ or the alternatve T,”. The
resulting final trustcapitalis

(5.38)

T/ otherwise

T {Ti” if T/ > T andT"” > 0

Thealternatve solutionwinsif its trustcapitalexceed$) andthetrustcapitalof the conserative solution.

ThetrustcapitalT; of the new quoteis the endresultof a purefilter test. In the caseof a normalupdate,
thewindow hasto beupdatechow.

5.3 Updating the scalarfiltering window with a new quote

A new quoteaffectsthetrustcapitalsof theold quotesof thewindow. Themostdramatiocchangenappens
in the caseof acceptinghe alternatve hypothesisaccordingto eq.5.38. In this case a real valuejump
is acknavledged;this leadsto a majorre-assessmenf the old quotes First, the pairwisetrustcapitalof
guotecomparisonscrosshejumpis diluted:

. MTij  for j < jjump
Toorj { T; otherwise (5.39)
In thenormalcasewith nojump, Teorrjj = Tij. Then,the quotesafterthenewly detecteqump getanew
chance:
Tinew = { T; otherwise (5:40)

In the caseof ajump, this new valueT; nav replacesT;.

In every casewhetherthereis ajump or not, thetrustcapitalsof all quotesarefinally updatedn additive
way, in the spirit of eq.5.32:

ijneN == TJ +C| Tcornij ) fOI’ J == I —Nn... i - 1 (5.41)

O&A Consulting 24



whereC; = C(T;) follows from eq.4.1,insertingthe newly obtainedT; (from eq.5.38). TheresultT; nay
of eq.5.41isreplacingtheold valueT;. It shouIdalsobeclarifiedthatthediIutedvaIuesTj” fromeq.5.36
arenever directly usedto modify thetrustcapitalsT;.

In historicalfiltering, eqs.5.39- 5.41 may leadto the rehabilitationof aninitially rejectedold quote.
Evenin real-timefiltering, thecorrectedrustcapitalof anold quoteindirectly contrikutesto thefiltering
of new quoteghrougheq.5.32andthroughtheuseof only suficiently credibleold quotedn thestatistics
of adaptve filtering.

Thevalid-quoteageQ); of all theold quotess alsoupdated:
Qj,neN = Qj—}—Ci , forj=i—-n...i-1 (5.42)

whereC; = C(T;). Themorecrediblethe nev quote the highertheincremeniof the valid-quoteageQ);.

After all theseupdatesthenew quotewith index i andwith its newly computedrustcapitalT; is inserted
in thewindow asits newvestmembeywith the valid-quoteageQ; initialized to zero.

5.4 Dismissingquotesfrom the window and updating the statistics

5.4.1 The quote dismissalrules

The window doesnot grow infinitely. Thereis arule for dismissingscalarquotesat the end of every
normalupdateasdescribedn section5.3. Therearethreecriteriafor a propersizeof thewindow: (1) a
sufiicient time intenval, (2) a suflicient numberof quotes(3) a suficient overall credibility of all scalar
quotes.Thesecriteriaarelistedherein the sequencef increasingmportance.

In ourgeneraljuotedismissarule, we usethe productof thecriteria. At theendof anupdatewith anen
guote thefollowing conditionfor dismissingthe oldestquote(with index i — n) is evaluated:

n—1
@i =8 ) (Y G ) > W (5.43)
+1 JZO j

The sum of credibility, the overall credibility, is the mostimportantcriterion and is thereforeraised
to the 6th power. The configurationparameteW definesthe sufficient size of the window and has
the dimensionof a time. The parametelV is somehw relatedto the parametew of eq.4.13 which
determinesa sort of afiltering range. Choosinga very largeW whenv is limited doesnot adda lot of
valuebecauséehe distantquoteshave a nggligible weightin this case.

A few considerationsnayillustratethebehaior of eq.5.43.If thedatain thewindow is of goodquality,
thewindow is of smallsize. As soonasa clusterof low-quality or doubtful dataentersthe windaow, it
will grow (sometimedo avery largesize)until thesituationbecomeslearerandmostold quotescanbe
dismissedhgain.In thecaseof asparsdime seriesthewindov may containfew quotesbut thesequotes
will extendfurtherin time thanfor adensdime series.

After dismissingthe oldestquotewhen eq. 5.43 is fulfilled, the whole quote dismissalprocedureis
repeatedslong astheremainingwindow still satisfieseq.5.43.

In very rarecasesthewindow growsto avery large sizeandthefiltering algorithmbecomeslow. This
problemandOlsens solutionare discussedn section5.4.3. Aside from this, an othersafetymeasure
is taken by the Olsenfilter: anoldestquoteolderthan300 daysis dismissedrom the window even if
eq.5.43is notfulfilled, aslong astheremainingwindow still hasatleasttwo quotes.
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Dismissedscalarquotesarealsoreportedto the higherlevel of thefiltering algorithm. Thisis necessary
in the caseof historicalfiltering for producingthefinal filtering results.

5.4.2 Updating the statistics

Whena scalarquoteis dismissedrom the window, its credibility C; hasreacheda final valuethatwill
no more be changed:C; = C(T;) asresultingfrom eq.4.1. This is the right momentto updateall the
statisticsneededor theadaptvity of thefilter.

Invalid quotesare excludedfrom thesestatistics they aresimply ignoredwhenupdatingthe statistical
variables.We seta critical credibility level Cgit; only quoteswith credibility valuesabove Cgi; areused
for updatingthe statistics. However, we shouldnot be too rigid whenexcluding quotes. Thefilter has
to adaptto unexpectedeventssuchassuddervolatility increasesbut this requiresincluding alsosome
mildly rejectedquotes.In fact, testshave shavn thatonly thetotally invalid quotesshouldbe excluded
here. We choosea low critical credibility level. Only in the initial phaseright after a filter startsfrom

scratch(beforehaving seensomel0 acceptablguotes) we take alarger, morecautiousvalue.

If adismissedjuotehasacredibility C; > Ccit, we updateall thestatistics. Theseupdategypically imply
the computatiorof moving averageiterationformulas;the statisticsareexplainedin sectionst.2- 4.4.

5.4.3 A secondscalarfiltering window for old valid quotes

Thequotedismissatule of eq.5.43makessurethatthescalarwindow staysreasonablgmall—exceptin
caseof averylong seriesof badquotes.Suchlong seriegarelyoccur usuallygeneratedby computerized
guoting,e. g. repeatedr monotonicquotes.Thefiltering window technologyasdescribedsofaris well
ableto handlethis case but the computationtime of thefilter grows very muchin caseof a very large
window. In realtime, this doesnot really matter but historicalfiltering becomeslow.

For efficiengy reasonsthe Olsenfilter thereforesupportsa secondqueueof old valid quotes.Thenormal
scalarwindow sizeis strictly limited to a maximumnumberof quotes but anold quotedismissedrom
the normalwindow is storedin a secondscalarwindow if its credibility exceedsa low thresholdvalue.
Otherwise,the dismissedquoteis treatedas ary dismissedquote,as explainedbefore,including the
updatingof statisticsandthefinal reportingof its credibility.

This secondscalarwindow of old valid quotesis normally empty As soonasoneor moredismissed
guotesarein this window, it is treatedasa prependegart of the normalscalarwindow in all compu-
tations. The trust capital computationof eq. 5.32, for example,hasa sumover both scalarwindows,

startingat the window of old valid quotes.Thewindow of old valid quotesstaysandpossiblygrows as
long asthe quotedismissalconditionof eq.5.43for both scalarwindows togethetis not fulfilled. When
it is fulfilled, the oldestquoteof the scalarwindow of old valid quotess deleted;afterdeletingall of its

guotesthesecondvindow is againemptyandfiltering is backto thenormalmode.

The proposedscalarwindow of old valid quotess alsopresentedsanelementof the UML diagramof
Figure2. Notethatascalamquoteof the“oldValidQuotes'window ownsthepointerto afull tick (because
the “FullQuoteWindow” no longersupportshis full tick at this time), whereaghe scalarquotesof the
normalscalarwindon merelyhave a pointerto thecorrespondindull tick with no ownership.

The conceptof a secondscalarfiltering window for old valid quotesaddsquite somecompleity 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 managedn hierarchylevel 2 of Table1. It is basicallya sequence
of recentfull quotesplus a setof algorithmic methodsof managingand processinghis sequencelts
positionin the algorithmis alsoshavn in Figure2 (classFullQuoteWndow).

Thefull-quotefiltering window hasthefollowing tasks:

e Splitting the quotesinto scalarquotesthatcanbe usedin thefiltering operationf sectiord.

e A first basicvalidity testfor the filtered variables. This is usuallya domaintest, e. g. rejecting
negative prices. Rejectedscalarquotesare marked asinvalid (C; = 0) and eliminatedfrom all
furthertests.They do not entera scalarfiltering window.

¢ In mary casesa mathematicatransformatiorof the quotedlevel. Example:takinglogarithmsof
pricesinsteadof raw pricevalues.

¢ Creatingindependeniltering environmentsfor all typesof scalarquotesegachwith its own scalar
filtering window.

e Storingthe credibility of dismissedscalarquotesuntil all the otherscalarquotesbelongingto the
samefull quotehave alsobeendismissed.(The spreadfilter may dismissquotesbeforethe bid
pricefilter, for example).

¢ Storingthefull guotesaslong astwo or morefiltering hypothesesoexist, until oneof themwins.
This is decidedby the next higherhierarchylevel, seesection?; in the Olsenfilter, the decision
betweerfiltering hypothesess madefastenoughto malke this point superfluous.

¢ Whenafull quoteis finally dismissedreportingit, togethemwith its filtering results to the higher
level (needednly in historicalfiltering).

In principle, the full-quote filtering window also offers the opportunity of analyzingthosedataerrors
thataffect full quotesin away thatcannotbe analyzedvhenjustlooking at scalarquotesafter splitting.
In the Olsenfilter tests,we have never found a goodreasorto implementthis (asidefrom thefiltering
hypothesesliscussedn section?); thereforethereis no furtherdiscussion.

The full quotesmay entera full-quote filtering window in a form alreadycorrectedby a filtering hy-
pothesis.This factplaysno role here:the algorithmof the full-quote window doesnot careaboutquote
corrections.Thisis managean a higherlevel.

Themostimportanttaskof thefull-quotefiltering window is quotesplitting.

6.1 Quote splitting dependingon the instrument type

Quotescanhave comple structuresasexplainedin section2.2. The Olsenfilter follows the guideline
of quotesplitting which is motivatedby the goalsof modularityandtransparenc Insteadof trying to
formulatecomplex algorithmsfor complex datastructuresye split the quotesinto scalarquoteshatare
individually filtered, whereser possible.Somefiltering operationshowever, aredoneon a higherlevel
beforesplitting, asexplainedin section?.

Thequotesplitting unit hasthe taskof splitting the streamof full quotesinto streamf differentfiltered
variablesgachwith its scalarquoteshatareusedin thefiltering operationsof section4.
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Somequotes,suchasbid-askor open/high/lav/close quotes,are splittableby nature. In Olsens data
collection,only the bid-askcasematters.Many instrumentomein the form of bid-askquotes.Other
instrumentdave single-aluedquotes.Bid-askquotesaresplit into threescalarquotes:

1. bid quote,
2. askquote,

3. bid-askspread.
Otherinstrumentshave single-waluedquoteswvhich are“split” into onescalarquote:
1. the“level” quote.

Thisis notastrivial asit looksbecausguotesplittingis coupledwith two otheroperationsbasicvalidity
testingandmathematicatransformationsasexplainedbelow.

The userof thefilter hasto know whetheraninstrumenthassingle-aluedor bid-askquotesandhasto
selector configurethefilter accordingly

6.2 The basicvalidity test

Many quoteshave a naturallower limit of the allowed domain This instrument-dependeimformation
hasanimpacton quotesplitting andneedgo be configuredby the user Thelower limit of the allowed
domainis called pmin. For someinstrumentsthereis no limit (or pmin = —). The choiceof the lower
limit is ratherobviousfor mostinstrumentsHereis alist of importantexamples:

Prices Genuineassepricesof whateverkind, includingFX andequityprices,arenever negative. This

FX forward premia/discounts Unlike outrightFX forward prices,the “forward points” (or FX swap
rates)are not pricesbut rathervaluesto be addedto prices. Therefore,they canbe negative or
positve. Thereis nolower limit (Pmin = —).

Inter estrates. Thesecanbeslightly negative in practice e.g. in thecaseof JPY interestratestowards
theendof 1998,dependingon the creditrating of the quotingbank (but theseinterestrateswere
above -1%). Therearesometheoriesthatrely on interestratesstayingalwayspositive, but a filter
is notallowedto rejectslightly negative interestratesf thesearepostedoy reasonableontritutors.
TheOlsenfilter is usinga slightly negative valueof pmin here.

Short-term interest-rate futur es Theseareoftenhandledasnormalprices(wherepmin = 0), but are
definedas100%— 0.25f (by LIFFE, wheref is theforwardinterestratefor the maturity period),
sothereis no lower limit (but anupperone). In practice the futuresquotesaresofar from 0O that
it doesnot matterwhetherwe assumea lower limit of O or none.

Thechoiceof thelower limit is importantfor thefurthertreatment.
Thefollowing errorsleadto completeinvalidity:

¢ Quotesthatviolate the monotonicsequencef time stampsj. e. quoteswith atime stampbefore
the previously treatedquote.(In somesoftwareernvironmentsthisis animpossibleerror).
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e A domainerror: anillegal level p of thefiltered variable,i. e. p < pmin (@sopposedo a merely
implausiblelevel).

Invalid scalarquoteswith anerror of this kind do not entera scalarfiltering window andarecompletely
ignoredin all furtherfiltering steps.We markthemby settingC; = 0. Thisis a fundamentallystronger
statementhanmerelygiving a very low credibility asa resultof the scalarfiltering window.

In the caseof bid-askquotesthethreeresultingscalarquotesaretestedndividually:

1. bid quote:domainerrorif bid quoteppid < Pmin-
2. askquote:domainerrorif askquotepask < Pmin-

3. bid-askspread:domainerrorif pask < Prid-

Thusit is possiblethatthe samequoteleadsto a valid bid quotepassedo the scalarfiltering window of
bid pricesandaninvalid askquotethatis rejected.

The domaintestof bid-askspreadsieedsto be further discussed First, we might interpretbad values
(pask < Poid) asthe resultof a sequencesrror, i. e. the contritutor typed ask/bidinsteadof bid/ask,
anerrorthatcould be correctedby thefilter. This interpretationalthoughbeingtruein mary casesjs
dangeroussagenerarule. We preferto rejectall askquotesthatarelessthanthe bid quote.

Ontheotherhand,amorerigid testmightalsorejectzeio spreadsin this casghedomainerrorcondition
would be pask < prig- Thisis agoodconditionin mary caseswell foundedby theory However, there
arequite somequotecontritutorsto minor marketsinterestednly in eitherbid or askor middle quotes.
Thesecontritutors often produceformal quoteswith ppig = pask- N somemarkets, suchquotesarethe
rule ratherthanthe exception. A filter thatrejectsall thosequotesis throwing away somevaluableand
irreplaceablénformation.

The Olsenfilter solvesthis problemasfollows. First, thereis a filtering option of generallyrejecting
zerospreadsi. e.the caseppig = pask If theuserchooseghis option,the quotesplitting algorithmwill
actaccordingly Otherwise,zerospreadsanbe acceptedbut they have low credibilitiesin a market
dominatedby positive spreadsThis is furtherexplainedin the next section.

6.3 Transforming the filter ed variable

Thefilteredvariableis mathematicallftransformedn orderto reachtwo goals:

1. A simpler(e.g. moresymmetric)distribution function. Thebasicfiltering operationse.g.eq.4.6,
assumea roughly symmetricdistribution function of the scalarquotevalues(andtheir changes).
Somevariables,mainly the bid-ask spread,have a skewed distribution function. The filtering
methodcontainanofull-fledgedanalysisto determinghe exactnatureof the distribution function;
that would be too much for an efficient filter algorithm. The ideaof the transformationis that
the mathematicallytransformedrariablehasa more symmetricdistribution function thanthe raw
form. For thelogarithmof bid-askspreadsthis hasbeendemonstratefM tller andSgietr 1997.

2. Stationarity: making the behaior of the variable closerto stationary A nominal price is less
stationarythanits logarithm; this is why mostresearcherg quantitatve financeformulatetheir
modelsfor logarithmic prices. Stationarityis a strongrequiremenonly for very volatile instru-
ments.If thetime serieds lessvolatile, thefilter canalsocopewith non-stationaryaw datathanks
to its adaptvity.
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The Olsenfilter hassimplerulesfor the mathematicatransformatiorcloselyrelatedto the validity tests
of section6.2. The mathematicatransformatiomever fails becausall illegal quoteshave alreadybeen
removed by the domaintests. The transformedjuotevalueis denotedby x andusedin mary formulas
of section4.

For single-waluedquotesbid quotesandaskquotesthefollowing transformations made:

. { log(p— Pmin) if Pmin > —eo exists (6.44)
p otherwise

For bid-askspreadsthetransformatioris

X = Xspread = 45.564v/Xask— Xpid (6.45)

wherexpig and Xask are resultsfrom eq. 6.44. Eq. 6.45 hasbeenchosento returna value similar to

log(Xask— Xoid) + constanfor a wide rangeof alguments«sk— Xpig Of typically occurringsizes.Indeed,
alogarithmictransformatiorof spreadsalueswould beanaturalchoice.Thereis areasorto useeq.6.45
ratherthana logarithmictransformation:the treatmentof zerospreadsasalreadydiscussedt the end
of section6.2. A logarithmictransformationwould make zero spreadsmpossible(aslog(0) = —).

Wheninsertinga zerospreadn eg.6.45,we obtainthe legal resultx = 0. This valueis quite far away
from typical rangef valuesobtainedor positive spreadssoits credibility is likely to below in normal
situations Whenzerospreaddecomea usualevent, thefilter will accepthemafterawhile.

7 Univariate filtering

Univariatefiltering is thetop level of the Olsenfilter. All the mainfiltering functionsaremanagedere.
Thisis alsoshavn in Figure2 (classUnivarFilter).

Thefull-quote filtering window with its quotesplitting algorithmof section6.1is on a lower hierarchy
level (seeTablel). Thusthe univariatefilter seesfull quotesbeforethey are split; it hasaccesdgo all

component®f afull quotein theirraw form (i. e. not mathematicallyransformedasin section6.3). Its

positionon top of thefiltering algorithmis alsoshavn in Figure2 (classUnivarFilter).

Thetasksof univariatefiltering are:

e Main configurationof afilter.

¢ Analyzingthosedataerrorsthataffect not only individual quotesbut awhole continuoussequence
of quotes.Thepresencdor absencedf sucha generalerror definesthefiltering hypothesis Two
suchcasesverefoundin financialdataandarethereforecoveredby the Olsenfilter:

1. Decimalerrors:awrongdecimaldigit of the quote,correspondingo a constanbffsetfrom
thetruequote.

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

Both casesarefurtherdiscussedbelow.
e Creatinganew full-quotefiltering window for anewly detectediltering hypothesis.
e Managindfiltering hypotheseandtheir full-quotefiltering windows duringtheir lifetimes, select-

ing thewinning hypothesis.
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¢ In the caseof an error hypothesis:correctingthe error of new incomingquotesaccordingto the
hypothesisandpassinghe correctedquoteso the full-quotefiltering window.

e Packagingthe filtering resultsto be accessedby the user The timing of the filtering outputis
differentin historicalandreal-timefiltering asto be explained.

¢ Recommending suitablebuild-up periodof thefilter prior to the desiredstartdateof thefiltering
result production,basedon the filter configuration. A discussionof this task can be found in
section9.1.

The errorsaffecting a continuoussequencef quotescannotbe sufficiently filtered by the meansde-
scribedin theprevioussectionsthey posea specialchallengeo filtering. The dangeiis thatthe continu-
ousstreamof falsequotess acceptedo bevalid afterawhile becausehisfalseseriesappearsnternally
consistent.

A filtering hypothesiss characterizedy one generalassumptioron an error affecting all its quotes.
This canleadto anotherunusualproperty Sometimeghe causeof the erroris so clearandthe size of
theerrorsoobviousthatquotescanbecorrected In thesecasesthefilter produceshotonly credibilities
andfiltering reasonsut alsocorrectedquotesthatcanbe usedin furtherapplications.Thisis discussed
furtherbelow.

The errorsleadingto afilter hypothesisarerare. Beforediscussinghe details,we shouldevaluatethe
relevanceof this filtering elementin general. Suchan evaluationmay leadto the conclusionthat the
filtering hypothesisalgorithmis not necessarin a new implementatiorof thefilter.

Decimalerrorshave beenthedominanterrortypein the page-basedatafeedfrom Reutersn 1987-1989.
In lateryears they have becomeare;they hardlyexistin moderndatafeeds.Thefew remainingdecimal
errorsin the 1990soften were of shortdurationsothey could successfullybe filtered alsothroughthe

standardiatafilter. Thusthereis no corvincing casefor addinga decimalerrorfilter algorithmto afilter

of moderndata.TheOlsenfilter neverthelesfiasa decimalerrorfilter becausd is alsousedfor filtering

old, historicaldata.

The scalindfilter is alsosuperfluousf the userof the filter hasa good organizationof raw data. If a
curreny is re-scalede. g. 10000ld units= 1 new unit asin the caseof the RussiarRuble),a compay
with gooddatahandlingruleswill not needthefilter to detectthis; this re-scalingwill be appropriately
handledbeforethefilter seesary scalingproblem.At Olsen,re-scalecturrenciegor equity quotesafter
a stocksplit) aretreatedasa new time series.However, the transitionbetweenthe two definitionsmay
notbeabrupt,andtheremay bea mixture of quotesof bothscalingtypesfor awhile. A scalinganalysis
within thefilter cansene asanadditionalelemenibf safetyto treatthis caseanddetectunexpectedscale
changesThisis the purposeof the scalinganalysisin Olsens filter.

Thereis the possibility of having coexisting hypothesedpr examplethe hypothesif having adecimal
errorandthe hypothesiof having none. This featureof the filter architecturds not usedby the Olsen
filter. In Olsensfilter, animmediatedecisionin favor of onehypothesids alwaysmade,sothereis no
needto storetwo of themsimultaneously

Althoughthe filtering hypothesisalgorithmsmay not be neededn a new filter developmentthis docu-
mentcontainsa descriptionof thesealgorithms.Notethatall thesealgorithmsareexecutedfor eachnew
quotebeforequotesplitting.

7.1 Decimalerror filter

Thedecimalerror[Mller, 1989 Rukkers,199] is the only well-known, relevanttypeof agenerakerror
affecting whole quotesequences(Scalechangesannotbe called errorsasthey are usually madefor
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goodreasons).

The decimalerrorasa persistenphenomenolis causediy dataprocessingechnologiesisinga cache
memory This meansintermediarystorageof databy the dataproviders or their software installedat
customers’sites. The datacustomersseesa quoteextractedfrom this cachememoryratherthanthe
original quoteor its directcopy. Theerrorhappensvhencachememoriesareupdatedby partialupdates
ratherthanfull refreshmentsf cachedquotes.The useof partialupdatess motivatedby minimization
of messagsizes.If oneof theseupdatemessagegetslost andthefollowing updatesucceedtheresult
in the cachememorycanbewrong, e. g. adecimalerrotr. Unfortunately this error may stayfor along
time oncepartsof thecachearewrong.

Let usnow look at a practicalexample:the decimalerrorstypical for page-basedatafeedsof Reuters
in thelate 1980s.Assumeanoriginal, correctquote,1.5205/15jn the cachememory(format: bid price/
askprice,lasttwo digits). This priceis updatedy a partialupdatemessage;,198/08”, placedattheend
of theinitial quotelocation,with theintentionto storethe nev quotel.5198/08.This updateis lost now,
the quotein the cachestays1.5205/15. The next updatemessagés “95/05”, placedat the end of the
initial quote,with theintentionto storethenew quotel.5195/05.Theresultingbadquotein the caches
1.5295/0%ecausehe“big” decimaldigit “2” hassurvivedin the cache.Thisis adecimalerror: a shift
by 0.01whichis a powerof 10.

It seemghatdecimalerrorsaremuchlesslikely to occurin record-basedatafeedsthanin page-based
feeds. However, theremay be hiddencachemechanismalsoin the informationprocessingf record-
baseddatafeeds;this shouldbe investigated.If thereis no cacheor similar mechanismin the whole
environmentof datato befiltered,the decimalerrorfilter canbe omitted.

The Olsenfilter containsa decimalerror filter. At the very baginning, it always assumeghe default
stateof no decimalerror Every new, incomingquotecanbe distortedby a decimalerror andis tested
accordingly Thetestfor enteringa decimalerror focuseson somecharacteristideaturesof the error
generatiormechanisnasdescribedibove. Thefollowing criteriaaretestedn sequence:

¢ Sizeof thejump: thevaluechanged betweerthepreviousquoteandthenew quoteis computed!f
|d| is closeto a power of 10 (preferablyslightly below), the decimalerrorhypothesiss supported.
The testis |d|/p > 0.6999,wherep (> |d|) is the next larger power of 10, alsowith negative
exponent.In our example,thebid price changes from 1.5205to 1.5295,s0d = 0.0090,|d|/p =
0.9,andthedecimalerrorhypothesiss supported.

¢ Sizeofthetimeintenal: supporthedecimalerrorhypothesionly if theinterval from the previous
guoteto the new quoteis lessthan70 minutes.In Olsens practicalexperiencegdecimalerrorsdo
not happeroverlongtime gaps.

¢ Validity of the correctedquote: the correctedquoteis computed assumingherewasa decimal
errorwith shift of size p. This correctedvaluemustpassthevalidity testof section6.2.

e Credibility adwantage:the decimallycorrectedvalue shouldbe muchmorecrediblethanthe raw
value. If thisis notthecasethedecimalerroris rejected.

e Critical digit: in thelifetime of a decimalerror generatedby the mechanisndescribedabore, the
bad decimaldigit (“2” in our example)staysthe same. This is alsotested. However, this test
may fail for incompleteaskquotesof a true decimalerror, asin the typical quotingstyle usedin
page-basetkeds like 1.5295/05.This quoteis expandedo 1.5295/1.5305Therefore the Olsen
filter requiregthecritical digit testto succeequst for the bid quote,not for ask.

A decimalerroris acceptednly if it is confirmedby all thesetests.The credibility advantaggestneeds
afurtherexplanation.Decimalerrorsarerare,andwe shouldnot acceptspuriousdecimalerrors,sothe

O&A Consulting 32



credibility advantagein their favor mustbe overwhelmingin orderto confirmthem. The following test
is used:

Tav < —0.1—[4—min(Teom4)]? (7.46)

This meanghatacceptableincorrectedjuoteswith Tay > —0.1 will never berejectedin favor of dec-
imally correctedquotes. The two trust capitalsT,ay (Of the raw, uncorrectedquote)and Teo,r (Of the
correctedquote)resultfrom eq.5.38 aftera mathematicatransformatiorof the raw or correctedquote
by eq.6.44. Herewe have a casewherethe trust capital of newv quotesis computedjust for testing,
withoutupdatingary variableof the scalaror full-quote windows. This is explainedat the beginning of
section5.1.

Thecaseof bid-askquoteds morecomplicated.Thebid andaskquotesaretestedndependentlybut the
critical digit testis omittedfor the askquote,asexplainedabove. If both have a decimalerror, we test
whetherthey have the sameerror, i. e. whethertheir valuechangesl have the samesignandthe same
power of 10, p. Thentheerroris acommondecimalerror Otherresultsarealsopossible:decimalerror
for bid quote for askquotealoneor independentlecimalerrorsfor bid andask. (In thelasttwo casesthe
critical digit testmustsucceedilsofor askquotes).Olsens testshave shavn thatthe commondecimal
erroris the only decimalerrortype of bid-askquotesthat really needso be tested.All the othertypes
areof shortdurationsothey canbe coveredalsoby the normalfilter (or they arespurious).Therefore,
we recommendestingonly for commondecimalerrors.

Oncea decimalerror is found, the decimalerror hypothesiss acceptecandthe newv quotesenterthe
full-quote filtering window in correctedform. This is alsotrue for all successoguotesuntil the deci-
mal error hypothesids terminated. This is the placewherethe coeistenceof two full-quote filtering
windows could start: we might have onewindow with correctedquotesand anothey parallelwindow
with uncorrectedjuotes. This would be the bestsolutionin doubtful cases:there,we could keepboth
hypotheseslive until somelater quoteswould give clearevidencein favor of one of them. Thanksto
thelow importanceof decimalerrors,the Olsenfilter doesnot needto usethis possiblebestsolution. It
alwaystakesanimmediatedecision eitheragainsthe decimalerroror, if all the conditionsarefulfilled,
for thedecimalerror Thusit doesnotneedto conductparallelfull-quotefiltering windows.

Thedecimalerrorhypothesispnceacceptedcanbeterminatedonly if someterminationconditionsare
fulfilled. For every new quote thefollowing testsaremadein sequence:

e Time-out:adecimalerrorhypothesilderthan2 full daysis terminated.

e Back-jump:the valuechanged betweerthe previous quoteandthe new quoteis computed.If d
hasthe oppositesignof thed atthestartof thedecimalerrorand|d|/p > 0.4999we probablysee
the back-jumpfrom the badlevel to thetruelevel. This leadsto a terminationof the decimalerror
only if thenext testis alsopassed.

e Credibility advantage:this testis only executedif the previous testfinds a probableback-jump.
Thedecimallycorrectedvalueshouldbe muchlesscrediblethantheraw value. If thisis thecase,
thedecimalerroris terminated.

e Critical digit: if thecritical digit changesthedecimalerroris immediatelyterminatedln thecase
of bid-askdatawith a commondecimalerror, this testis madefor the bid quoteonly. The ask
quote,if expandedrom anincompletequotingformatsuchas1.5295/05may changethe critical
digit alsowhile stayingin a decimalerror.

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

Teor < 0.3—0.5[4—min(Tray,4)]? (7.47)
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Thetwo trustcapitalsT 4y (of theraw, uncorrectedjuote)andTeo,r (Of the correctedquote)againresult
from eq. 5.38 after a mathematicatransformationof the raw or correctedquoteby eq. 6.44. These
computationaredonejust for testinganddo notleadto any updatesf the scalaror full-quotewindows.

After the terminationof a decimalerror, the filter will continueits normal operationsusing the raw,
uncorrectedorm of the quote. This is alsotrue for the following quotes,but eachone will againbe
testedby the entry conditionsof a new decimalerror

7.2 Scalinganalysisin the filter

Somequotesarescaledby a constanfactorascomparedo thelevel of theearlierquotes.Thereis often
a goodreasorfor this scalefactor: changedjuotinghabits(e. g. quotingthe valueof 1 DEM in NOK,
NorweggianCrowns,insteadof thevalueof 100DEM) or re-definitionsof currenciege. g. 1 newv Russian
Ruble= 10000ld Rubles).If this datais sentto thefilter with nointervention,the standardilter justsees
ahugepricejumpwhichit hasto reject.

The Olsenfilter analyzesandpossiblycorrectsthosescalingfactorsthatarepowersof 10. Otherfactors
arealsopossible(seesection8.3.1)but not easilytractable.

The scalinganalysisalways startsfrom the previous scalefactor Syre,. At initialization from scratch,
this is of courseSyes = 1. The new quote p is checled in comparisonto the old quote pyre,. (At

initialization from scratch,pyre, is initialized to the first incoming quotevalue). Normally, p/ppres >

+/0.1 and p/ Pprer < V/10. (Squareroots of 10 are usedin thesetestsas naturalseparatordetween
factorsof 10). In rarecasespneof theseconditionsis violated. If p and ppre, have differentsigns,the
whole analysisis stoppedandthe old factorSyre, is kept. Otherwisethe power of 10, 10" is determined
that satisfies10"p/ ppres > /0.1 and 10"p/ppres < v/10. The newly proposedscalingfactoris then
10Syrer-

This new scalingfactormustbe confirmedby furtherteststo be acceptedin somecasesa quotelevel

changeof a factor10 or morecanbe naturalfor atime series.Examples:an FX forward premiumcan
easilyandquickly shrink from 10 to 1 basispoint; Japanesiterestrateswereso low thatthey could
easilychangefrom 0.06%to 0.6%betweerntwo quotes(especiallyif thesetwo quotescamefrom banks
with differentcreditratings).In thesecasesanew scalefactorwould be spuriouscorrectingoy it would

bewrong.

Thuswe first testwhetherthe new quotescaledby the previous factor Sy, Would be rejectedby the
filter:

—17 if 10'=10o0r 10"=0.1

-5 otherwise (7.48)

Toldractor < {

whereTggractor IS Obtainedfrom eq.5.38. As in the decimalerrorfilter, T is computedust for testing,
without updatingary variableof the scalaror full-quote windows. The conditionof eq. 7.48 mustbe
fulfilled in orderto give thenew scalingfactorfactorachancelt is particularlystrongif thescalechange
is by afactor10or 0.1, for two reasonsA scalechangeby afactor10or0.1is

1. extremelyrare(thereis no known casein the FX, IR andmary othermarlets);

2. morelikely thanary otherscalechangeto be atrue move of the quotevalue,asin the exampleof
the Japanesmterestratesmentionedabove.

If the new quotescaledby the previous scalingfactoris rejectedwe needyet anothertest: doesthe new
quotescaledby the new factor10"Sy, have a superiorcredibility? We computeTneyractor in the same
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way as Toidractor aNdtestthefollowing condition:

Toldractor+20 if 100 =10 or 10'=0.1

Toldractor+ 8 Otherwise (7.49)

ThevFactor > {

Again, the conditionis particularlystrongif the scalechangeds by afactor10or 0.1.If it is fulfilled, the
new scalingfactor10'Sy, of thequotedvalueis accepted.

For bid-askquotes,this scalinganalysisis madefor both the bid and askquotes. A scalechangeis
acceptednly if bothhave the samenew scalefactor Otherwisethenew scalefactoris rejectedandthe
old scalingfactorSyre, is kept.

Thevalueof anacceptechew scalingfactor 10"Syre,, is finally assignedo the variableSyre, .

7.3 Theresultsof univariate filtering

Theoutputof theunivariatefilter consistof severalparts.For every quoteenteredthefollowing filtering
resultsareavailable:

1. Thecredibility of thequote.

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

3. Thefiltering reasongxplainingwhy thefilter hasrejecteda quote.

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

Usersmay only wanta minimum of results,perhapgust a yes/nodecisionon using or not usingthe
guote.This canbeobtainedby simply checkingwhetherthe credibility of the quoteis above or below a
thresholdvaluewhichis usuallychoserto be0.5.

In the caseof bid-askdata,the credibility C of thefull quotehasto bedeterminedrom the credibilities
of thescalarquotes.The Olsenfilter useshefollowing formula:
C = min(Cyid; Cask, Cspreac) (7.50)

Thisformulais conserative andsafe:valid quotesaremeantto bevalid in every respect.
Thetiming of the univariatefiltering outputdepend®nits timing mode:historicalor real-time.

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

Theterms“historical” and“real-time” aredefinedfrom the perspectie of filtering here.Thefinal appli-
cationmay have anothemerspectie. A filter in real-timemodemay be appliedin a historicaltest,for
example.

Thetwo modeddiffer in their timing:

¢ In the real-time mode, the credibilities of a newly integratedquote as resultingfrom eq. 5.38
(insertedin eq.4.1) areimmediatelypassedo the univariatefiltering unit. If thereis only one
filtering hypothesisasin the Olsenfilter, thesecredibilitiesaredirectly accessibléo the user |If
thereareseveralhypotheseghe hypothesisvith the highestoverall credibility will be chosen(but
the purefactof the existenceof severalhypotheseteadsto areduceccredibility of all of them).
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¢ In the caseof historical filtering, theinitially producedcredibilitiesaremodifiedby the adwent of
new quotes.Only thosequotesareoutputwhosecredibilitiesarefinally “cooked”. At thattime, the
guotesleave the full-quote filtering window; this impliesthattheir component$have alsoleft the
correspondingcalarfiltering windows. If severalfiltering hypothesesoexist (never in the Olsen
filter), their full-quote windows do not dismissary quotes,sowe getfiltering resultsonly when
conflictsbetweerfiltering hypothesearefinally resohedin favor of onewinning hypothesis.

Although thesemodesare different, their implementatiorand selectionis very easy In the historical
mode,we retrieve the oldestmemberof the full-quote window only after a teston whetherthis oldest
guoteandits resultsareready In thereal-timemode,we pick the newvestmemberof the samefull-quote
window. Thusit is possibleto getbothmodesfrom the samefilter run.

A specialoption of historicalfiltering shouldbe available: obtainingthe last quotesand their results
whentheanalysisreacheshe mostrecentavailablequote.It shouldbe possibleto “flush” thefull-quote
window (of the dominantfiltering hypothesis)or that purpose,evenif the credibilities of its newvest
guotesarenotfinally corrected.

This leadsto anothertiming modethat might frequentlyoccurin practice. A real-timefilter might be
startedrom historicaldata.In this casewe startthefilter in historicalmode flushthefull-quotewindow

assoonasthefilter time reachesealtime andthencontinuein real-timemode. This canbeimplemented
asa specialcombinedmodeif suchapplicationsarelikely.

8 Specialfilter elements

In theprevioussectionsall thestandardlsenfilter have beenexplained. Thestandardlgorithmis good
for covering a large setof typically occurringoutliers. However, somedataerrorsareof a very special
nature sowe needspecializedilter elementdor efficiently catchingtheseerrors.A list of specialerrors
is alreadygivenin section2.3.

The speciaffilter elementsareusingthe samefiltering structureasthe standardilter algorithm,e. g. the
scalarfiltering window asdefinedby section5. The specialffilter elementsanthusbewell integratedin
the standardDlIsenfilter. Descriptionsof theindividual filter elementdollow.

8.1 Filtering monotonic seriesof quotes

In severaltime seriesmostlyFX, thefollowing phenomenoranbeobsered overnightor mostlyduring
weelends.A contritutor postsamonotonicallyincreasingor decreasing$eriesof quotesstartingatan
acceptablguotelevel, oftenataratherhighfrequeng, e.g.1.3020/251.3021/261.3022/271.3023/28,
. The first few quoteslook acceptableput the quotelevel will be very far from the true level if
the monotonicseriesis long. The motivation for this casuallyoccurringquotingbehaior canonly be
guessedit is probablytestingthe performanceandthetime delayof the connectiorto thedataservice.

Thestandardilter is notvery suitedto properlyanalyzingthis badquotingbehaior becaus¢heindivid-
ual quote-to-quotehangesook harmlessjust 1 basispointin thegivenexample.Eventhevaluechange
over severalquoteds notlarge enoughto ensureproperactionof thefilter. After alongmonotonicseries
of fake quotes the filter may even give low credibility to the following correct valuesastheseare far
away from the endvaluesof the monotonicseries.

If the contritutor of the monotonicseriesstandsalone, it is not hardto detectthe unnaturallinearity
of thesequotes. Unfortunately a bad habit hasbecomevery widespreacamongcontritutors to multi-
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contritutor quotefeeds: copyingof quotesas mentionedin section2.3. The copiedquotesare often
modifiedby simplepost-processingtepssuchasaveragingof afew recentgquotesasmallrandomvalue
changeand/ora smallrandomtime delay The frequentpostingof copiedquotesseemgo be motivated
by the desireof theissuergo adwertisetheir market presenceTogetherthe mary copiedandmodified
guotesmale the monotonicseriesappearvalid because¢hey accompan it in a slightly irregular, less
monotonicway, seeminglyconfirmedby mary “independent’contritutors.

Thefollowing algorithmis usedto identify andfilter monotonicseriesof fake quotesunderthedescribed,
difficult circumstancesThe framawork of this algorithmis the scalarfiltering window asexplainedby
section5; the algorithmis simply addedto the othercomputationf the scalarfiltering window. First
theweightof the positive valuechangedrom old quotesto the new quoteis computed:

i—1

S = Z Wij6x1>xj (8.51)

J=I—-Nn
wheredy -, = 1in caseof anup move, otherwise0. We alsodo this for the negative valuechanges,

S = izl Wij Oy <x (8.52)

j=1—n
andthe sumof weights:

. |Zl " (8.53)

j=I—n
Theweightis definedto emphasizéhe comparisorio the mostrecentquotesfrom the samecontritutor:

11—

T Ay

(8.54)
wherel;; is givenby eq.4.23.

Theshae of positive movementss given by thefollowing formulawhichis a simpleEMA iterationas
definedby [Muller, 1991):

2.5 S +S

S = 257578 1t Eys 18 > (8.55)

The nggative movementshave the complementargharebecauseerochangesreignoredhere:

g i — l—s+7i (856)

At thevery beginning, S, ; andS_; areinitializedto 0.5. S, ; andS_ leadto thedirectionbalances;:
f4min(S_;,S, ;) +1

B = T (8.57)

In caseof low-frequeng data,e. g. with a“crawling peg” (a caseof a “natural” monotonicmove), the
directionbalances madelessextremein eq.8.57usingthe quotefrequeny f:

fi = 0.1A2 (8.58)
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whereA? is measureof the recentmeandistancebetweentwo quoteswith a non-zerovalue change,
computedoy anEMA iterationsimilarto eq.8.55:

2.5 S +S.
i = —— S . ————— /A 8.59
A| 2.5—|—S+—|-S_ +7|71+ 2.5-|—S]L-|-S_ nonZero ( )

ASnonzero IS the ageof the last quotevalue differentfrom x;, seenfrom time 9;, measuredn daysof
d-time.

If the obtaineddirectionbalanceis very poor (low value of B;), we suspecimonotonicquoting. The
following maximumvalueof thetrustcapital T; of thenew quoteis defined:

0.001B* /T
Ti,monoton = 25— a—érel (8-60)

with therecentrelative quotefrequenyg fe
frer = fi/di (8.61)

whered; is thecurrentquotedensityascomputeddy eq.4.15. Theexpectedactvity of themarlketis also
needed:

AY;
a=—

A (8.62)

This actvity, the ratio betweentwo different measure®f the last quoteinterval (oncein 9-time and
oncein physicaltime), is very low on holidaysandweelends,often leadingto a stronglyreducedrust
in eq. 8.60. This is intentionaland successfuln testsas monotonicquotingis a problemmainly in
market periodsof low liquidity. Accordingto eq.4.25,a hasavalueof 0.01on holidaysandweelends;
otherwisethevaluecango up to 3.4 dependingontheactivity andweightof differentmarkets.

UndernormalcircumstancesTi monoton hasa high value. In the specialsituationof T; monoton beiNgless
thanthe trust capital T; obtainedby eq.5.38, T is replacedby T monoton @nd “monotonic quoting” is
establishedsthefiltering reasorof the new quote.

8.2 Filtering long seriesof repeatedquotes

As explainedin section2.3, somecontrikutors let their computersrepeata quotemary times. If this
happensundredsor thousand®f times, the repeatedjuotesmay obstructthefiltering of goodquotes
from othercontritutors. Very long seriesof repeatedjuotescannotbetolerated.

Filtering repeatedjuotesby onecontritutor seemgo be easy However, therearethreedifficulties:
1. contritutor IDs may not be available;
2. repeatedjuotesmaybe mixedwith otherquotes;

3. repeatedjuotesmaybe “natural” in a certainmarket.
Thelattercaseis foundin marketswherequotevaluesaredenominatedvith coarsegranularity e. g. in

Eurofutureswherethe lowestresolution(= granule)is of onebasispoint. RepeatedEurofuturesquote
valuesalsofrom differentcontrikutors,arequite normal.
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If thefilteredscalaris abid-askspreadrepeatedjuotesarealsonatural.We donotconductary repeated-
guoteanalysisfor bid-askspreadsthe following explanationappliesto bid, askor single-\aluedquotes
only.

The repeated-quotanalysisis donefor scalarquotesin the framevork of the scalarquotewindow as
presentedn section5. This analysisis thuslocatedat the sameplaceasthat of monotonicquotesas
discussedh section8.1. Thesetwo algorithmssharea partof their variablesandcomputations.

As a first step, the length of the sequencef repeatedjuotesis measuredy the following counting
formula:

S-S -S
Nzergi = Nzergi—1+ &T (8.63)

Thisis notasimplecounterbut rathera cumulatorof thevariable(S— S, —S_)/S, basedneqs.8.51-
8.53. This variableis a weightedmeasureof very recentzero changesemphasizingjuotesfrom the
samecontritutor. By usingthis variable,the analysiscandetectrepeatedjuotesalsoif they aremixed
with others. At the very beginning, nzerqo is initialized to 0. Whenever (S—S; —S_)/Sis lessthana
thresholdvalue,the sequencef repeatedjuotess regardedasterminatecandn,erqg is resetto 0.

The obtainedengthn,eqo 0f the sequencdiasto be putinto the context of the quotinggranularity. If
the granule(= minimum size of a usualvalue change)is high ascomparedo the meanvalue change
from quoteto quote, high valuesof n,erqo are natural,andthe filter shouldacceptthis. The granule
sizeof eachmarket may be configuredasa nominalvalue. However, we preferto determinethetypical
granulesizein an adaptve way. This hasthe advantageof measuringthe actual practiceratherthan
formal corventions;change®f granularityarefollowedin anadaptie way.

Thegranularityis measuredby aninterestingalgorithmthatwould desere a detaileddiscussion How-
ever, this is not a centralissueof filtering, so we just give the resultingformulas. The computationis
basedon momentsof the valuechangedistribution functionwherethe exponentof the momentss neg-
ative All zerochangeghushave to be excludedfrom this computation.Negative exponentsemphasize
smallvaluechangesi. e.thosethatarecloseto thetypical granulesize. The momentwith exponent—k
is computedwith the help of thefollowing moving averageiteration:

M ki = HnM ki 1+ (1— pm) |Ax]| (8.64)

whereAx; is thevaluechangegrom thelastquoteandthe coeficient iy, determineshe memoryof m_ ;.

Eq.8.64canalsobeseemsanEMA iterationaccordingo [ZumbachandM{ller, 2007, onatime scale
thatticks with every quotewith a non-zerovaluechange.This iterationis appliedto only valid quotes
with a non-zerovalue changeasthey are dismissedirom the scalarquotewindow, seesection5.4.2.
At the first quotethat brings a non-zerovalue changeAx;, m_y; is initialized to |Ax; |—". Beforethis

initialization (whenstartingfrom scratch)m_y ; cannotbeusedandtherepeated-quotanalysids notyet

operational.Numerougestswith granular(discrete)modeldistributions suchasbinomial distributions
(alsosomemorefat-taileddistributions) have shavn thatthe following formulagivesa goodestimateof

thegranuleg:

o
—1/2,i

- 1 8.65
g — (8.65)

Thuswe usethe momentswith exponents-1/2 and-2. Whenstartinga filter run from scratchm_y
andm_,; arenotyetavailablefor ashortperiod,sog is undefined.The repeated-quotanalysiscanbe
doneonly afterthis period.
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Now we needthe natural probability of a zero change,given a certaindistribution function and the
granulesizeg. The sameteststhatled to eq.8.65alsoleadto anothetheuristicapproximatiorformula
of the probability of zerochanges:
2(gm? ., —
Pzerochange= 2Ol (8.66)

This formula (which is not yet our endresult)is conserative: it overestimategzerochangemainly for
smallgranulegwherep;erochanggdoesto 0). This is whatwe wanthere.

In fact,we have nyerqj zerochangesn arow, notjustone. The probability of thisis muchsmaller:

zerai 4.2 Ngerqi m, . —1

PnzeroChanges= p;erSChangeZ g 2ol (/2 ~1) (8.67)
Now we formulatea maximumtrustcapitalfor repeatedjuotesvhosevalue,whencorvertedto a credi-
bility accordingto eg.4.1,correspond$o pnzerochangedn thelimit of low credibility:

Tirepeated = 25— 0.5 Pr0Zepanges® 25— 0.5€H35Mere (02~ (8.68)

nZeroChanges

This maximumtrust capitalis muchhigherthanthe theoreticalvalue postulatedbefore:thereis a large
positie offsetof 25, andthe exponent-0.32(insteadof -0.5) dampenshe effect of a high numbem,eq;
of repeatedjuotes. Ti repeatediS @ conserative estimate;if we getlow trust, we can be surethat the
seriesof repeatedjuotesis unnaturain thegivenmarlet. It mustbetheresultof thoughtlessepetition,
probablyby a computer

Eventually we compareT, repeatedt0 the normaltrust capital T; of the quote. T; resultsfrom eq.5.38and
is assumedo bealreadycorrectedafteracomparisoro Ti monoton(from €q.8.60).If Ti repeatedS lessthan
Ti, wereplaceT; by T repeated@ndset‘long repeatedseries’asthefiltering reasorof thequote.

8.3 Disruptive eventsand human intervention

Thefilter asdescribedsofaris adaptve to awide rangeof differentfinancialinstrumentsindalsoadapts
to changesn the behaior of theseinstruments Adaptationneedgime - it meansadaptingto statistical
resultswhich have a certaininertiain their behaior by definition. Thevolatility measuref eq.4.16,for
example,hasarangelAd, of 7 days. Thusthefilter cannotimmediatelyadaptto a disruptive eventthat
leadsto anextreme,unprecedenteddehaior in few hours.

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

1. Scalingchange afinancialinstrumenuotedwith achangedcalefactor Examplesastocksplit
or there-definitionof units of aninstrument. Thesechangegesultin a suddenchangeof quote
valuesby a constanfactor oftenbut not alwaysby a power of 10. This doesnotimply ary market
shockor changen volatility.

2. Changein the instrument definition: a financialinstrumentundegoesa substantiachangeof
its definition,notonly in scaling.Example:Benchmarkbondsarequotedastheunderlyinginstru-
mentof certainbondfutures. Whenthey approachmaturity they arereplacedoy anotherbond,
but the quotesappeaiin the same uninterruptedime series.Thisimpliesasudderjumpin value,
but thevolatility of thenew bondonthenew level is notfundamentallydifferentfrom theold one.

3. Regimechange theregulation of financialinstrumentscanbe changed.Example: the floating
regime of the BrazilianRealafteralong periodof afixedrateto the USD. Regime change®f this
kind have two effects:
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(a) asuddemmoveto anew level (e.g. devaluationof the Brazilian Real),
(b) very high volatility of oscillationsaroundthe new level.

Thesetwo effectstogethemale filtering difficult. The mostextreme,unexpectedmarket shoks
canbehae similarly to aregime change.lnverseregime changes from floatingto fixed - areno
real problemfor thefilter. Thesechangesare usually anticipatedby a quiet market behaior, so
the normalfilter canwell adapt.

Thefilter userhasthefollowing meando dealwith disruptive events:

¢ Anticipation by openinga new time series:mary disruptive eventssuchasdefinitionandregime
changesareannouncedn adwance. A newly definedRussianRuble,for example,is a new time
seriesandshouldbetreatedassuch:it shouldgetits own, independentfilter. Thuseachfilter sees
dataeitheronly following the old definition or the new one.

e Humanintervention: re-startingthe filter immediatelyafterthe disruptive event. Thisis a viable,
thoughnotelegantsolution,giventherarity of disruptive eventsandthedifficulty of implementing
a satisfyingon-linesolution.

e Anticipation by on-line warningmessagethe usercansenda warningmessagéo thefilter, in-
forming it on animminentchangeof scalingfactoror volatility shock.

e Humanon-linecorrection:theusercantell thefilter to accepta certainquoteor approximateguote
level afterthe disruptive event.

Thelasttwo featuresarenot yetimplementedy the Olsenfilter. Olsenrelieson off-line humaninter
ventionin therarecaseof a disruptive event.

Thefilter shouldtreatdisruptive eventsaswell aspossibleevenwithout humanintervention. It hasthe
following means:

e Reactingto humanmessagesin caseof a warning messagethe filter can be preparedo the
imminentevent, e. g. by lowering the dilution factor p asdiscussedn section5.2.2. A human
correctioncanbe usedto modify the storedtrust capitalsof the scalarfiltering queue.This is not
yetimplementedy the Olsenfilter asexplainedabore.

e Immediatedetectionand adaptation:somedisruptive eventsfollow from the analysisof a side
variableof the quote.Thisis implementedn the Olsenfilter asexplainedin section8.3.2.

¢ Delayeddetection:a disruptive event may initially resultin an unusuallylong seriesof rejected
guotesafterthe change.This factcanbe usedto inform the useron possibleproblem. The filter
may eithersenda specialwarningto the user or anindependentnonitoringtool may producethis
warning(thisis Olsens solution).

¢ Delayedadaptation:eventually thefilter will adaptto the nen regime afterthe disruptive event.
Thisis ensuredy theadaptvity andthetime-outof the scalarfiltering window.

Disruptive eventsarenot a problemof thefilter alone. Their treatmentalsodepend®n the application,
the environmentandthe goalsof thefilter user

Thethreetypesof disruptive eventsarefurtherdiscussedh thefollowing sections.
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8.3.1 Scalingchange

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

Herearesomeexamples:

e Changingquotinghabits: Norwegian banksusedto quotethe value of 100DEM in NOK. Later,
they preferredquotingthevalueof 1 DEM in NOK.

e Re-definitionof units: onenew RussiarRubleis re-definedo be 10000ld Rubles.
e TheFrenchstockindex (CAC40)is quotedin Eurosinsteadof FrenchFrancs.

e Stocksplits: oneold shareis split into threenew shareof the samecompay.

Thefirst examplesusuallycausea scalefactorthatis a power of 10 with anintegerexponent.Thefilter
dealswith suchfactorsasdescribedn section7.2. The last examplesusually have odd scalefactors
differentfrom a power of 10. In this case the userhasto intervene,e. g. by openinga new time series
andanew filter for the newly scaledquotes.

8.3.2 Changein the instrument definition

Changesn the instrumentdefinition arerare, but thereis oneinstrumentwherethey regularly occur:
benchmarkbonds. Benchmarkbondsare quotedasthe underlyinginstrumentof certainbondfutures.
Whenthey approachmaturity they are replacedby anotherbond, but the quotesappearin the same,
uninterruptedime series.The changeof the maturityresultsin a valuejump.

Fortunatelythematurity of abenchmarlbondis availablefrom the datasource.Thisinformationcanbe
usedfor animmediatedetectionof andadaptatiorto the new definition. The programusedfor filtering
benchmarkbondsis continuouslycheckingthe maturity beforepassingthe correspondingjuoteto the
filter. As soonasit detectsachangeof the maturity it callsa specialfunction of the Olsenfilter.

This new-definition function actson all scalarfiltering windows. For all scalarquotesin all scalar
filtering windows, the storedageis incrementedy 1+ 5/d days,whered is thequotedensityperdayas
computeddy eq.4.15;this leadsto a higherexpectedvolatility. At thesametime, thevalid-quoteageQ);
of all thesescalarquotesis incrementedy 15; this canalsoleadto a higherexpectedvolatility through
eq.4.19.By virtually pushingall old quotesinto the past,thefilter becomesnoretolerantto the sudden
valuechangeto follow, without acceptingoadoutliers.

The new-definition function canbe usedfor ary new definition of ary instrument,it is not restrictedto
benchmarlbonds.

8.3.3 Regimechangesand extrememarket shocks

Regimechangesndextrememarket shockamply sudderoutturstsof quotedvaluesandtheir volatility.
Thestandardilter alreadyhasameando dealwith this phenomenonthe dilution mechanisnexplained
in section5.2.2. An alternatve trustcapital T.” of a scalarquoteis computedn caseof avaluejump. If
T fulfills theconditionof eq.5.38,thevaluejumpis quickly accepted.

Unfortunately this mechanisnstopsworking if the market shockis extreme,i. e.thevolatility becomes
several ordersof magnitudehigherthanthe historicalvalue,andif thevolatility stayshigh alsoafterthe
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initial jump. Oneremedywould beto choosealower dilution factorp. This cannotbeagenerakolution
asit would leadto acceptingoo mary ordinaryoutliers.

Optimalfiltering of regimechangesndextrememarket shockss asubjectof on-goingresearchMean-
while, thefiltering of regime changesndextrememarket shocksmay requirehumanintervention.

8.4 Multi variate filtering —an ideafor filtering sparsequotes

Multivariatefiltering is not a part of the Olsenfilter but rathera subjectof unfinishedresearch.In the
Olsenfilter, univariatefiltering asdescribedy section? is the highestalgorithmiclevel.

Multivariatefiltering requiresamorecomplex andlessmodularsoftwarethanunivariatefiltering — but it
seemgheonly wayto filter very sparsdime serieswith very unreliablequotes.Someideasof a possible
implementatior(basedon researctstudiesyet to be completedarepresentedhere.

In the financial markets, thereis a quite stablestructureof only slowly varying correlationsbetween
financial instruments. In risk managemensoftware packagesa large, regularly updatedcovariance
matrix is usedto keeptrack of thesecorrelations.

Covariancematricesbetweerfinancialinstrumentsanalsobe appliedin thefiltering of sparsequotes.
Univariatefiltering methodsare working well for densequotes. If the densityof quotesis low, the
methoddosea large part of their powver. Whena new quoteof a sparseseriescomesin, we have only
few quotesto comparethesequotescanbe quite old andthusnot ideal for filtering. This is the place
wheresomeadditionalinformationfrom the covariancematrix becomesuseful. This cantechnicallybe
donein severalways.

The only methodoutlined hereis the artificial quote method. If the sparserate (e. g. in form of a
middle price) is includedin a covariancematrix that also covers somedenserrates,we can generate
someartificial quotesof the sparseseriesby exploiting the mostrecentquotesof the denserseriesand
the covariancematrix. The expectationmaximization(EM) algorithm [MorganGuaranty, 1999 is a
methodto producesuchatrtificial quotes;therearealsosomealternatve methods.The bestresultscan
be expectedif all the seriesincludedin the generationof an artificial quoteare highly correlatedor
anticorrelatedo the sparseseries.

Artificial quotesmaysuffer from threeuncertainties(1) they have astochasti@rrorin thevaluebecause
they areestimated(2) thereis anuncertaintyin time dueto asynchronicitieén the quotesof thedifferent
financialinstrumentgLow etal., 1994, (3) only apartof thefull quoteis estimatedrom thecovariance
matrix (e. g. the middle price, whereaghe bid-askspreachasto be vaguelyestimatedasan averageof
pastvalues).Therefore anadditionalrule may be helpful: usingartificial quotesonly if they arenottoo
closeto goodquotesof the sparseseries.

In somecasessuchasFX crossrates,we cansimply usearbitrageconditionsto constructan artificial
guote(e. g. triangularcurreng arbitrage);a covariancematrix is notnecessarghere.

Thefollowing algorithmicstepsaredonein the artificial quotemethod:

o defineabaslet of time serieswhich aredensethanthe sparseseriesandfairly well correlatedor
anticorrelatedo it (radicalversion:abaslet of all financialinstruments);

¢ generatartificial quotesfrom the correlationmatrix andmix themwith the normalquotesof the
sparseseriesthusreinforcingthe power of the univariatefiltering algorithm;

¢ eliminatetheartificial quotesfrom thefinal outputof thefilter (becausea filter is nota gap-filler).

Thisalgorithmhastheadwvantageof leaving theunivariatefiltering algorithmalmostunchangedthe mul-
tivariateelemententersonly in the technicalform of quoteswhich alreadyexistsin univariatefiltering.
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Thedisadwantagdies in thefactthattheartificial quotesmaybe of varying,uncertainquality (but better
thannoneatall).

9 Initialization, termination, checkpointing

9.1 Filter initialization

Usually thereis a requestedstarttime of the filtered datasequenceThe filter needsto seesomedata
beforethis startin orderto work reliably: it needsa build-up period A build-up is technicallyidentical
to a normalfilter run; the only differenceis that the filtering resultsof the individual quotesare not
accessible¢o theenduser

Theadaptve filter containssomeelementdasedn iterations,mostly EMAs (exponentialmoving aver
ages).Thesevariablesmustbeproperlyinitialized. At thevery beginningof afiltering sessiontheinitial
valuesareprobablyratherbad,sothefilter hasto run for awhile to graduallyimprove them. Moreover,
thewindows areinitialized to be empty sothefirst quoteswill alsohave shaly credibility valuesdueto
theinsufiicientwindow size.

Thusthefilter initialization over a build-up periodis absolutelynecessaryif is not justanoption.

The build-up periodmusthave a suficient size,the longerthe better A sizeof 2 weeksis a minimum;
Olsens recommendatiois a a build-up periodof at leastthreemonths.Extremelysparsedataneedsan
evenlongerbuild-up, for obviousreasons.

Thusthefilter is atool for asequentialnalysisnhotfor randomaccess|f randomaccesgo filtereddata
is anissue we recommendtoringsequentiallyfiltered dataandits filteredresultsin adatabasendthen
retrieving datafrom there.

Thetiming of the build-up periodis alsoessential. The bestchoiceof the build-up periodis the time
intenal immediatelyprecedingthe starting point from which the filtering resultsare needed. In this
normalcase,

1. thefilter is startedfrom scratchat starttime minusthe build-up period
2. filtering resultsareignoreduntil theanalysisreacheghe starttime;

3. normalfilter operationstartsat this starttime.

This is not possibleif the starttime of the filter is closeto the beginning of available data. In this
exceptionalcase we take the secondestchoice,a morecomplicatedstart-upprocedure:

1. startthefilter from the beginning of availabledata;

2. runit overafull build-up period;

3. ignorefiltering resultsuntil the analysisreacheghe endof build-up;
4

. keepthevaluesof all statisticalvariablegthisis whattheadaptve filter haslearnedromthedata),
eitherin memoryor in a checkpoinfile;

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

7. reachthe stateof normalfilter operationat this starttime.

The statisticalvariablesat the endof a build-up canbe storedin a chedpointfile. Thisis explainedin
section9.3. A filter readingfrom a well-chosercheckpoinfile needso build-up.

Theinitialization of anew financialinstrumentsuchasa futurescontractwith anew expiry time, canbe
improved by startingits filter from a checkpoinffile generatedy thefilter of a similar instrumentsuch
asa correspondinduturescontractwith anearlierexpiry. Thisis importantin realtime whenthe new
instrumentdoesnot yet have sufficient datafor a regularbuild-up.

9.2 Filter termination

Theterminationof afilter run poseso problems.If thefilter runis abuild-up or couldbea build-up for
anothemrun, alastcheckpoinffile shouldbewritten.

In thecaseof historicalfiltering, somequotesandtheir provisionalresultsarestill bufferedin thefiltering
windows. A usermrmaywantto eithercontinuefiltering for awhile to getthelastquotesbeforetermination
time or simply flushthe buffers.

9.3 Checkpointing

A checkpointis a setof variablevaluesthat determinethe stateof afilter. All the statisticalvariables
neededor adaptvity belongto this set. Checkpointsarewrittento files, in sometime intenals,e.g. one
checkpointaday Theuserprogrammay alsowantto write additionalcheckpointson request.Several
checkpointsaarekeptfor safety Checkpoinffiles have to be managedy the useror the programusing
thefilter. Theirnameor headershouldcontaindateandtime of thelastenteredquote.

Themainreasorto introducecheckpointings againof time. A checkpoinis astartingpointfor aquick
start. Checkpointings relatedto the build-up. A checkpointwritten ata quotetime exactly at or slightly
beforethe desiredstartingpoint of thefilter run canreplacea new build-up. Thefilter simply readsthe
checkpoinftfile andinitializesthe variablesaccordingly On the otherhand,the build-up procedurecan
replacecheckpointingandmalke it superfluousThis however impliesthateveryfilter run, alsoin areal-
time applicationmustbe precededy alengthybuild-up. Only few userswill acceptsuchanamountof
additionalcomputatiortime. For mostusers checkpointings compulsory

In filtering, therearetwo possibleconceptof checkpointing:

1. Strong checkpointing: Storingall the variablesthatdeterminethe stateof thefilter: notonly the
statisticalvariablesbut alsothe full-quote and scalarfiltering windows with all their quotesand
relevantresultsof theseguotes.Strongcheckpointghustake a lot of storagespace.

2. Weak checkpointing. storingonly the statisticalvariablesneededor adaptvity. (Olsens weak
checkpointingadditionallyincludessomecondensedhformationon a“last valid” quote).

Both areimplementedn Olsensfilter. The Olsendatacollectoris usingweakcheckpointingor storage
spacereasonsthestrongcheckpointof all thevery mary collectedinstrumentsvould take anunwieldy

amountof space.The storagesizealsodepend®n the format: human-readablASCII or binary (which

is morecompact).
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Thefilter is immediatelyandfully operationalafter startingfrom a strongcheckpoint. When starting
from a weak checkpointthe filtering windows are empty so the filter is notimmediatelyoperational.
We needanadditional‘mini”-b uild-up tofill thewindows with asuficientamountof goodquoteshefore
thetruefiltering start,in orderto preventabadstartfrom outlier quotes.Thisis a disadwantageof weak
checkpointing Olsens weakcheckpointghereforeincludea“last valid” quotewhich is the mostrecent
amongthegoodquotesrom thefull-quotefiltering window atthetime whenthecheckpoinwvaswritten.
At startfrom a weak checkpoint this lastvalid quoteis usedto initialize the filtering windows. More
preciselythis quote(i. e. its scalarquotes)entersa specialwindow of old valid quotesthatwasinitially
introducedfor anotherpurposeasexplainedin section5.4.3. This is an acceptablepragmaticsolution
notasgoodasstrongcheckpointing.

Anotherreasono introducecheckpointings relatedto the informationcontentof the checkpoinffiles.
Humanreadersanobtainsomeinsightinto thefilter statusby looking at checkpoinffiles. To male this
possible checkpointshouldbe human-readablesitherdirectly or throughatool in the caseof encoded
(binary) checkpoinffiles. In this sensecheckpointsarealsoa diagnostictool, seesection10.1.

In summarycheckpointings analmostabsolutenecessitylt canbeavoidedonly undertwo conditions:
(1) alwaystoleratingslow initialization dueto long build-up periodsand(2) introducingdiagnosticools
otherthancheckpointing.

10 Miscellaneousfeaturesof the filter

10.1 Diagnostics

Someuseranaywantto know thecurrentstateof thefilter while it is runningin realtime. Threepossible
solutionsare proposed:(1) looking at the mostrecentregularly producedcheckpoinffile; (2) addinga
featureto producecheckpoinfiles ondemandj3) afeatureto producediagnostionessagem text form

ondemand.

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

10.2 Statistics

Statisticalinformationis usefulto characterizahe behaior of afilter. Evena userwho doesnot un-
derstandhefilter in its full compleity will still wantto know simple statisticalpropertiessuchasthe
rejectionrate, the percentagef rejectedquotes.Therequiredstatisticalanalysiss not necessarilyden-
tical to thatinternally usedby the adaptve filter algorithm. Typical rejectionratesare belov 1% for
major financialinstrumentsand canbe above 10% for someminor instrumentswith badcoverageand
badquotingdiscipline.

A tool to producesomestandardusetfriendly statisticalfiltering informationshouldbeimplementedas
apartof the of thewiderfiltering environment.Suchatool cannotbe partof thefilter becausé alsohas
to manageheaccesgo the data.
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10.3 Testing

Testingplaysa key role in the filter development. The correctoperationhasto be testedas for every
pieceof software. Therole of testingextendsfar beyond this. Testingis alsoneededo fine-tunethe
mary parametersf thefilter. This hasbeendoneextensiely by Olsen. The valuesrecommendedor
all the mary parameter®f the filter in this documentare resultsof our tests. A new filter developed
accordinglywill inheritourtestingexperience.

For theinitial filter developer(asopposedo a user)filter testingis nottrivial. A large partof it means
comparingthe resultsof testedfilters to humanjudgment This is handwork that canhardly be auto-
mated. The behaior of thefilter hasto be testedfor very differentdataanderror types. Examplesof
all the specialerrorsof section2.3 have to tested.Fewn automatictestingtools canhelp. Fromfiltering
statistics,we canidentify instrumentsand periodswith high rejectionratesand uninterruptedseriesof
rejectedquotes. Theseoften (but not always) indicateremainingproblemsof a certainfilter version.
Finally, we cancomparetwo filter versionsby looking at differencesin the results,highlighting and
studyingonly thosequoteswherea large differencein credibility wasfound. Thesemethodshave been
usedto fine-tunethe Olsenfilter.

Anotherpartof testingwasdonein theframewvork of Olsens own datacollectionwhich canbe seenas
a hugereal-life testingervironmentof thefilter. Olsenis usingthe collecteddatafor researchandits
value-addednformationsystem.Remainingoroblemsof Olsens earlyfilter prototypesquickly became
apparenandcouldbesolvedby furtherresearchThis is theway somespecialfeaturessuchasthefilter
of monotonicsequenceésection8.1) wereadded.

The world of financial data is almostinfinite, evolving over time and changingits behavior, sowe
cannot exclude the possible occurrence of new, yet undetectedfilter problems. Olsens research
environmentis aguarantedor finding solutionsof new problemsquickly. We recommendhll filter users
to reportpossibleproblemsto Olsen.

10.4 User-definedfiltering

Usershave several waysto influencethe behaior of thefilter, if they wish so. They canchoosethe
credibility thresholdfor acceptedjuotesdifferentfrom therecommendegalue0.499.They canchange
the recommendedaluesof the mary parameter®f the filter. A highervalue of &y in eq. 4.11, for
example,will leadto amoretolerantfilter.

In section8.3, we have proposedsomemeando influencefiltering throughdirectintervention.

11 Summary of filter parameters

Thefilter algorithmasawholeis complicatecanddepend®n mary configurationparametersThe defi-
nitionsandexplanationof all theseparametergarescatteredn thetext. A centrallist of all parameters
is thereforehelpful; Table5 is suchalist.

The parametersre listed in the sequencef their appearancén the document. Somelessimportant
parameterfiave no symbolandappearndirectly asnumbersn thetext; neverthelesshey have beenin-
cludedin Table5. Theimportantparametergwith theirown symbolsof coursedeterminghecharacter
of thefilter. Filter usersmaychoosehe parametewaluesin orderto obtainafilter with propertiessuited
to their needs.
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Descriptionof parameter Symbol | Equationnumber
Rangeof meanx AD, 4.3,4.4
Parametersf Ax2, = usedin thelevel filter (aftereq.4.7)
Critical deviation from meanx &o 4.8
Critical sizeof valuechange &o 411
Interactionrangein changefilter (normalvalue, specialvaluefor bid-ask v 4.13
spread)

Rangeof quotedensity A, 4.15
Weight of new quotein quotedensity(normalvalue,specialvaluefor re- Cq 4.15
peatedjuotes)

Rangeof short-term standardandlong-termvolatility (Viasg V, Vsiow) A, 4.16
Relative time interval offsetfor volatility do 4.17
Absolutetime interval offsetfor volatility 09 min 4.17
Relative limits of quoteinterval A8 (upper lower) 4.19
Weightof squaredyranulein volatility offset 4.21
Parametersisedfor volatility offseteg for bid-askspreads (aftereq.4.21)
Exponentof 1 — D in theformulafor theimpactof quotediversity 4.24
Otherparametersf theimpactof quotediversity 4.24
Activity of active periods for 9 4.25
Activity of inactive periods for 9x 4.25
Rangeof short-termvolatility usedfor 9 A smooth 4.28
Rangeof the varianceof volatility fluctuationsusedfor 9 A, 4.29
Weightof thelevel filter Clevel 5.32
Trust capital dilution factor (normal value, specialvalue at initialization vl 5.34-5.36
from scratch)

Window sizeparameter w 5.43
Critical credibility for statisticsupdate(normalvalue,specialvalueat ini- Cerit (section5.4.2)
tializationfrom scratch)

Lowerlimit of alloweddomain(prices,FX forwards,interestrates) Prin 6.44(+ section6.2)
Factorin transformatiorof bid-askspreads 6.45
Maximumquoteinterval sizein decimalerror (section7.1)
Parametersf trustcapitaltestfor acceptinga decimalerror 7.46
Parametersf trustcapitaltestfor terminatinga decimalerror 7.47
Trustcapitallimits of old scalefactor(factor10or 0.1, otherfactor) 7.48
Trustcapitaladvantageof new scalefactor(factor10or 0.1, otherfactor) 7.49
Standardredibility thresholdfor acceptinga quote (sectionsr.3,10.4)
Many parametersf thefilter of monotonicquotes 8.54- 8.60
Memory (relatedto samplerange)of moments Mm 8.64
Parameter®f the maximumtrust capitalof repeatedjuotes 8.68

Table5: List of the filter parameters.

12 Conclusion

The Olsenfilter describedn this documents a powerful tool to analyzeandcleanup datain financial
time series. The credibility of quotesis analyzed;bad quotesandoutlierscanbe removed. Thefilter
worksfor all datafrequenciesfrom high-frequeng to sparsealata.

Thedescribediltering algorithmis adaptve to thefiltered financialinstrument:it learnsfrom the data.
While the basicstructureof the algorithmis clearandsimple (Table 1), the rich and diversenatureof
financialdata,its quotingstylesanderrorsrequiregheadditionof somemorecomple filtering elements.

The Olsenfilter hasbeenchecled andfine-tunedn mary tests.It is runningin practice,in Olsens own
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datacollectionwhich is the basisof researclaswell ascommercialservices.In this real-life test, the
Olsenfilter hasshavn its goodperformance.

Therearefew remainingproblems Mostarerelatedto disruptive events:eventsthatrapidly andradically
changethe behaior of atime series.In this field, filter researchat Olsenis continuedandwill leadto
improvedfuture versionsof thefilter.
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