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Abstract

We present a new cooperative user interface for e-
shoppingin B2C e-commerce. COSIMA is a smart and
animatedInternetavatarwith synchronizeddynamicvoice
outputwhoassistscustomersthroughtheir e-shoppingtours
andadvisesthemin thespirit of a realsalespersonin theold
economy. COSIMAbenefitsfrom a PreferenceSQL-based
search enginethat relieson the Pareto-principle, comput-
ing bestmatching resultsto the customer’s wishes. This
enablesCOSIMAto offer ideal hits or suitablealternatives
with onesinglequery, to valuethesesearch resultsin terms
of thestatedpreferencesand to generatepropervoiceout-
put following basic principles of salespsychology. As a
sampleapplicationwe presentour meta-search enginefor
comparisonshopping. SinceCOSIMAconstitutesan en-
tire technological framework, it can easilybe adjustedto
other e-commerceenvironmentsby customizingthe search
engine, theavataranimationsandthespeech contexts.

1. Intr oduction

When visiting a web site for e-shoppingthe customer
wantsa quick survey what he cando andhow he cando
it. Textual hints are often ignored. A further deficit is
thatthecurrentgenerationof e-shoppingsystemsoftensuf-
fersfrom inadequatesearchengines,but definitelyfrom the
lack of smartsalesadvice. When shoppingfor items an
e-customertypically has to fill out one or several query
forms in a very uncooperative environment. After press-
ing the “GO”-buttonheor shefar too oftenencountersthe
infamous“empty result- sorry, pleasetry again”situations
asoneextreme,or a floodingwith irrelevant resultsasthe
other. This is aggravatedby the fact thatsearchresultsare
not explainedin thecontext of the customer’s preferences.
Sucha behavior would be unheardof in a traditional de-

partmentstoreof theold economywith a friendly shopas-
sistant.Thus,to makee-shopsmorecustomer-friendly than
they appeartoday, many things have to improve substan-
tially. It will becomeessentialto listento customers’wishes
more carefully, to help him or her conveniently through-
out the salesprocess,to presenta goodselectionof prod-
uctsthatmatchhis or herpreferencesandto inducethe e-
customerto carry out a purchaseright now. The popular
comparisonshopMySimon (www.MySimon.com)madea
first stepby usinga staticavatar. Eventhe DeutscheBank
equippedsomewebpageswith predefinedvoiceoutputand
an avatar namedCora. But a much more personaland
smartcontactis neededfor a really goodsalesadvicefor
e-shopping.

The COSIMA project aims to go much further. In
this paperwe describethe designand implementationof
COSIMA as a major step towardsbettere-shopping. In
Section2 we start out with our overall designprinciples,
followedby aprototypearchitectureof COSIMA whichof-
ferscomparisonshoppingovervariousreal life e-shops.In
fact, COSIMA is the nameof our charmingavataror can
be interpretedas an acronym for “COmparisonShopping
with Interactive Meta searchAgents”. Thereafterwe lead
througha samplee-shoppingsessionwith COSIMA. Sec-
tion 3 dealswith theimpactof searchenginetechnologyin-
troducingPreferenceSQLasonesuitablechoice.In Section
4 theautomaticgenerationof salescontextsfor smartprod-
uct explanationsis the main focus. Section5 investigates
implementationdetailsof our COSIMA prototype,includ-
ing aspectsof parallel searchagentsandweb-engineering
issuesfor dynamicspeechoutput. We alsoreportfirst user
feedbackwehavegainedfrom ourcomparisonshop,featur-
ing thecategoriesbooks,audioCDsandPChardware,and
wediscussperformancedatagatheredfrom our reallife ap-
plication. In section7 we summarizewhat COSIMA has
achievedsofar andgive anoutlookon furtherwork within
theCOSIMA project.



2. Better E-Shoppingwith COSIMA

Now we presentour guidingdesignprinciplesfollowed
by thearchitectureof ourCOSIMAcomparisonapplication.
Thenwe take thereaderon a shoppingtour with theavatar
COSIMA itself. COSIMA hasalreadybeendemonstrated
to thescientificcommunityat [9].

2.1 COSIMA’sDesignPrinciples

Thecreationof asmarte-shoppingassistantposesama-
jor challenge.COSIMA’s roadmaptowardsthis ambitious
endincorporatesthefollowing generaldesignprinciples:

P 1) Knowingandrespectingthecustomer’spreferences:
Customerwishesenteredinto theInternetsearchmaskmust
seriously be interpretedas preferences. Neither should
COSIMA interpretthe user’s input ashardconditionslike
many searchenginesdo, nor shouldit be requiredto en-
tercomplex booleanquerieswhatso-calledadvancedquery
modesoften askfor. Instead,COSIMA hasto acceptcus-
tomerwishesin a purelydeclarativemanner. Solutionsbe-
ing conformwith P1arediscussedin section3.

P 2) Generatingsmartsalesadvicedynamically:
E-salesadvicemustbe dynamicallyadaptedto the degree
of matchbetweenthe customer’s preferencesandthe pre-
senteditems,augmentedby a portion of salespsychology
like in the old economy. Section4 will focusin morede-
tailson this topic.

P 3) Communicatingby a charming animationcharacter
andbydynamicvoiceoutput:
COSIMA is presumablythefirst avataractinglike a smart,
speakinge-salesperson.If COSIMA wantsto presentthe
resultsor wantsto say anything else,shedoesit via dy-
namicallygeneratedvoiceoutput.To provide sucha rather
complex but intuitive interactionof very differentfeatures
posesa major architecturaldesignchallengeby itself. Its
carefultreatmentwill bediscussedin section5.

P 4) Extensibility:
Theoverall systemdesignof COSIMA is basedon Internet
componenttechnology, renderingit flexibleenoughtoallow
for furtherimprovementsof thehuman-avatarinterface.

2.2 Ar chitectureof COSIMA

To prove our visions in a real life environment, with
COSIMA we implementeda meta-searchengine doing
comparisonshoppingover a variety of existing commer-
cial e-shops.Thesystemarchitectureis partitionedin three
tiersasshown in fig. 1. Theanimatedandspeakingfemale
avatarCOSIMA advisesthe customerat the client side to
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Figure1. Ar chitectureof COSIMA

declaratively enterhis wishesinto a searchmask1. This re-
questis sentto theCOSIMA servervia Internet.Fromthere
Internetagentssearchin parallelacrossseveralconnectede-
shopsanddeliver their partial resultsbackto theCOSIMA
server. Via JDBC theseresultsaretemporarilystoredin a
SQL database(Oracle8i) andthenfilteredwith Preference
SQL (seesection3). The set of the bestmatchingitems
is sentback to the client whereCOSIMA presentsthem
to the customer. The salescontexts andthe corresponding
speechaudiofilesaregenerateddynamicallyusinginforma-
tion aboutthecustomer’spreferencesandthesearchresults.
In fig. 2 we show what softwarecomponentsare located
in a COSIMA client2. This separationof client andserver
componentshassignificantadvantages:� The COSIMAserversendsonly basicproductinforma-

tion. No audiofiles aretransmittedbecausethedynamic
generationof theanimationsandspeechfiles takesplace
in theclientonly. Thusevenaslow 14.4KBit modemon

1Wedecidednot to equipCOSIMA with speechinputor chattingcapa-
bilities. Oncedesired(andcommerciallyviableproductsfor speechinput
exist), all of thosecanbeaddedin a latterstagein amodularfashion.

2TheCOSIMA client softwarecanbedownloadedfrom [4].
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Figure2. COSIMA Client

client sideis sufficient for thedatatransmission.� Sincethesynchronizationof COSIMA’s lips to thespo-
ken text is computedon the client sideaswell, it can-
not be compromisedby low bandwidthor overloaded
servers.

Presentlythe Internet is the major bottle neck w.r.t. e-
shoppingperformance,making it senselessto burdenthe
server sidefurther. But sincemany peoplehave accessto
powerful PCclients,theclient sidecancopewith someex-
tra taskslike speechgenerationandthecoordinationof the
multimediatasks.

2.3 A Shopping-Tour with COSIMA

Now wepresentseveralexamplesof COSIMA in action.

2.3.1 Welcome,ShoppingGuidanceand Inf otainment

COSIMA is charmingand polite like a real salesperson.
StartingCOSIMA shewelcomesthe userandguideshim
to the preferredcategory. He canchoosefrom books,au-
dio CDsor PChardware. In this examplehe takestheCD
rubricandsearchesfor “Talesof MysteryandImagination”
of “Don Williams”, with apreferredpricerangebetween10
and20 GermanMarks (fig. 3). Note thathemixedup the
the performer“Don Williams” with “Alan Parsons”. The
text shown in the statusarearecordsall spoken sentences
of COSIMA sofar. After having pressedthe “GO”-button
COSIMA shortensthewaitingtimeby entertainingtheuser.
Themaximumsearchdurationis user-adjustablein theop-
tionsmenu.An e-shopnotdeliveringtheresultsin thespec-
ified time is ignoredfor thecurrentsearch.

2.3.2 Presentingthe first result

Sendingout parallelshoppingagentsandfiltering the par-
tial resultswith PreferenceSQL yieldsa resultasshown in

Figure3. Requestfor a CD

fig. 4. COSIMA tells the customerthat she has found
four CDs for him. Sincetheseareall bestmatchesto the
statedcustomerquery, COSIMA hasa choicewhich oneto
startwith. Thuswith herown vendor-orientedpreference3,

Figure4. Presentingthe first item

sheselectsa first item which is thenmadepalatableby ex-
plainingits propertiesandadvantages:� The besthit is a CD of Alan Parsons. The price is
within your specifiedprice range. Thetitle containsyour

3Thebenefitof owning a searchengineis animportantissueby itself,
seee.g.[6].



specifiedkeywordsTales, of, Mystery, and, and Imagina-
tion. If You want meto explain anotherproduct just click
on it. �

COSIMA suggeststhat this CD is the bestpossiblehit
by enumeratingthematchingkeywordsof thetitle andcon-
firming thatthepriceis within thepreferredpricerange.

2.3.3 Explaining an alternative

If theuserclicks to anotherproductCOSIMA explainsthe
differencesto thepreviousone:� This CD is not from Alan Parsons but from Don
Williams. The title is BorrowedTales. It is two German
Marks more expensive. Theperformercontainstwo more
keywords.�

The performercontainsthe highlightedkeywordsDon
andWilliams. COSIMA namesthe title of the alternative
aswell sinceit differsfrom thepreviousone,but asa good
salespracticeshedoesnottouchthatthetitle doesnotmatch
aswell asbefore.Of course,COSIMA alsocomputesand
emphasizesthepricedifferences.

2.3.4 Explaining a bargain

Our next example is from the book category. This time
thecustomersearchesfor thebook“The Dilbert Principle”
from ScottAdams,wishingapaperbackversionandwilling
to paya pricearound20 GermanMarks. In theconnected
e-shopsareperfecthits w.r.t. authorandtitle but not in the
preferredpricerange.COSIMA emphasizesthat theresult
is aperfecthit andmoreoverthatthebookis a bargain:� At theshopBuchweltI foundtheperfecthit, becauseit
containsall keywords. Theprice is evencheaperthanyou
specified.Thisis a real bargain! According to your wishes
thebookis a paperback version.�

Like a realsalespersonCOSIMA usesa little salespsy-
chology:Shedenotestheresultasaperfecthit sinceauthor
and title containall specifiedkeywords. But this book is
not availablein thedesiredpricerange.Insteadof stupidly
deliveringanemptyresult,COSIMA namesthebookabar-
gainbecauseit’s evencheaperthantheuserwaswilling to
pay for it. COSIMA’s salespsychologyis basedon meta-
knowledge(e.g. cheaperpricesarebetter)aswell asdo-
main specificproductknowledge(e.g. hardcover is better
thanpaperback).

Satisfying items can be put into a shoppingbasket as
usual.Theactualpurchaseis thencarriedout throughthee-
shopsin question.As a friendly salespersonCOSIMA also
saysgoodbyeto theuserwhenheor shequitstheshopping
session.

3 Product Search with COSIMA

Todaythereexists a variety of differentsearchengines
for the Internetand for productdatabasesof e-shops.As
everybodyknows from own experiencetheir searchbehav-
ior variesenormously. Thus the properchoiceof a good
searchenginefor e-shoppingis an importantissue,which
becomesevenmorecrucialif bettere-salesadvicehasto be
offeredon top.

3.1 Choiceof an E-ShoppingSearch Engine

A fundamentaldecisionhasto bemadewhenreactingto
customers’wishesor preferences,namelywhat shouldbe
the right technicalway of modelingsuchpreferences.To
datethereexist severaldifferentapproaches,in particular:

1. Translatecustomerpreferencesinto hard selection
conditions.

2. Translatecustomerpreferencesinto softselectioncon-
ditionsandapplya rankedquerymodel,assigningnu-
merical scoresbetween0 and1, the latter denotinga
perfectmatch.

3. Translatecustomerpreferencesinto softselectioncon-
ditions,modelingpreferencesaspartial orders.

In practicemixturesbetweenhardandsoft selectioncondi-
tionsoccurandmustbesupported,too.

Approach 1 often translatesa user query straightfor-
wardly into a SQL query, hencebeing exposed to the
empty-resulteffect,which is particularlyannoying whene-
shopping.Ad hoc remedieslike parametricsearcharefar
from optimaleither. In termsof shoppingin the old econ-
omy this would amountto ask the customerto searchby
himself iteratively throughthe warehouse- which is very
customerunfriendlyandpreventsthesalespersonfrom ap-
propriatelylearningaboutthecustomer’swishes.Approach
2 oftenhasproblemswith determiningproperscorevalues
andhow to interpretthemmeaningfulto the customer. It
mayalsobevulnerableto thefloodingeffectwith irrelevant
results.

We arguethatsearchenginesimplementingapproach 3
area reasonablechoiceasa basisfor goode-salesadvice.
A full discussionof this non-trivial problemis beyond the
scopeof thispaper, insteadwewantto emphasizeourpoint
by describinga representative for this approach,namely
PreferenceSQL, in somedetailnext.

3.2 PreferenceSQL

PreferenceSQL aimsat puttinganendto searchhassles
for e-shopping.As an extensionof standardSQL it does



not only supportstandardhardselectionconditionsin the
where-clauseof aquery, but alsosoftconditionsidentified
by thenew keywordpreferring. Technically, all prefer-
encescandeclarativelybemodeledby partial orders, which
havebeenshownto becompatiblewith databasetechnology
([8, 10]).

A partial order, say �	��

��� , is a very naturaland intu-
itivewayto modelpersonalpreferences.For ��
������ ���� expressesthat ”I like � more than � ”. Equally natural,
theremayexist elements��
������ whereI have no prefer-
ence.As opposedto numericalranking,fuzzylogic or case-
basedreasoningapproachessucha preferencemodelis fa-
miliar to everybodysinceheror his earliestyouth,henceit
is averyreasonablechoicefor ane-shoppingsearchengine.

Queryevaluationis asfollows: First apply all hardfil-
ter conditionsfrom thewhere-clause,thendeterminethe
maximalelementsaccordingto thepartialorderspecifiedin
thepreferring-clause.Thissemanticsobviouslyavoids
boththeemptyresulteffect (unlessthewhere-clauseeval-
uatesto the emptyset)andthe flooding effect with worse
elements.

Preferencescomein two flavors, namelybasic prefer-
encesandcompoundpreferences.Compoundpreferences
constructa new partialorderfrom somegivenpreferences.
Mathematicallythereare several well-known ways to do
this, like thecartesianproduct,thelexicographicorder, etc.
([5]). Theproperchoiceof coursedependson therequire-
mentsof theapplicationarea.For e-shoppingpurposeswe
arguethat offering compoundpreferencesthat rely on the
Pareto-optimalityprinciple4 areaneffectivechoice.In par-
ticular this supportsmulti-attribute optimizationsand the
searchfor best-matching alternativeoffers, if the perfect
matchis not available.

To our knowledgePreferenceSQL is the only search
enginethat implementsPareto-optimality. In the sequel
we usethe PreferenceSQL syntaximplementedby [13]5.
Examplesfor basicpreferencesareprice around 10,
minimize price orprice between 10 and 20.
PreferenceSQL currently supportstwo operatorsto con-
structcompoundpreferences:� The AND-operatormodelspreferencesof equal impor-

tanceandimplementsthePareto-optimalityprinciple.� The ‘,’-operator expressespriorities among different
preferences.

As anexampletake thecustomerqueryfrom ourCOSIMA
sessionin fig. 3. Applying a stop-word list for the text
part,which excludescommonwordslike ‘of ’ or ‘and’, the

4TheParetoprinciple is folklore in thesocialandbusinessdisciplines
sinceabout50 years.In particularfor multi-attribute decisionproblemsit
hasbeenappliedandstudiedextensively by thesecommunities(seee.g.
[7]).

5Sampleapplicationsof PreferenceSQL technologyhave been re-
portedin [11].

PreferenceSQL querygeneratedby COSIMA might look
asin fig. 5.

SELECT *,TOP(price),TOP(type)
FROM Cosima_Server_tmp
PREFERRING
(title CONTAINS ‘Tales‘ AND
title CONTAINS ‘mystery‘ AND
title CONTAINS ‘imagination‘ AND
interpret CONTAINS ‘Don‘ AND
interpret CONTAINS ‘Williams‘),
price BETWEEN 10 AND 20;

Figure5. SamplePreferenceSQL query

All keyword conditionshave beenchosento appearon
the samepriority level, but they are assumedto be more
important than the price. The answerscomputedby the
COSIMA server in behalf of this single PreferenceSQL
queryarepreciselyall best-matchingitemsaccordingto the
statedcustomerpreferences.

Moreover, PreferenceSQL can return quality in-
formation, too. Syntactically this can be expressed
in the select-clauseby using the keywords level,
distance or top (seefig. 5). For numericalattributes
distance calculatesthe (relative or absolute)numerical
deviation from the desiredperfectvalue,whereaslevel
relatesto the level within the underlyingpartial order (a
level of 1 denotinga maximalelement).Thekeywordtop
is shortcutfor level=1. As animportantconsequence,the
quality of searchresultscanbeinterpretedmeaningfullyin
termsof the customer’s input preferences.Clearly, this is
a greataddedvaluefor an e-salesagentwho hasto sell a
productto thecustomer.

4 Product Presentationwith COSIMA

4.1 Corr elation with the Search Engine

We just arguedthattheproperchoiceof a searchengine
iscrucialfor e-shopping.It doesnotonly influencethequal-
ity of thesearchresult,but asa consequencethequality of
the dynamice-salesadvice. First of all, the e-salesassis-
tantshouldknow thecustomer’spreferences- themore,the
better. Second,thecompletenessof thesearchresultsw.r.t.
bestmatchesis an essentialbasisfor generatingconvinc-
ing andbelievableexplanations.And third, unlessthereare
perfectmatchesin stock,suitablealternativesmustbeavail-
ablefor offer instead.The Paretosemanticsof Preference
SQL satisfiesall of theserequirementsvery well, making
life easierfor COSIMA.

Thus, the dynamicallygeneratedsalesexplanationsof
the e-salesassistantcanbe similar to what knowledgeable



salespersonsin theold economywouldtell theircustomers,
includingmethodsfrom salespsychology. Now let’s givea
first insight into thesalesexplanationsof COSIMA (which
of coursecanandwill berefinedconsiderablyin forthcom-
ing versions).

4.2 SalesContextsof COSIMA

Let uslooselydefineasalescontext asany spokeninter-
actionof COSIMA with hercustomers.TheCOSIMA sales
contextsarebasedon templatesasdescribedin [14]. These
contextsareneededfor customer-friendly advice.They are
divided in static stringsfor welcomeor infotainmentand
dynamicstringsfor thesales-relatedexplanations.

4.2.1 Static SalesContexts

Therearefivedifferentstaticsalescategories:� Welcome, e.g. � Hello, mynameis Cosima.I’m your
smarte-shopassistant.�� Shoppingguidancemaygivemetainformationabout
an e-shoppingportal or mall, including directory or
yellow pagesservice.In ourcaseit sufficesto helpthe
userto find his preferredcategory, e.g. � Do you like
books,CDsor PChardware. Pleasevisit thereferring
categoryabove. �� Inf otainment fills the gap while the search is in
progress. Cross-selling, entertainment,informing
aboutthe latestnews or stockquotations,etc.,canbe
offeredhere.Rightnow COSIMA talksto theidle cus-
tomer, e.g. � By the way, do you know that the new
albumof Madonnais availablenow?It’ sonly25Ger-
manMarks.�� End of the search phaseis aneventwhereCOSIMA
seizesthecustomer’sattention: � Theagentsare back.
I foundsixCDsfor you.�� Goodbye, e.g. � Hopeyouenjoyedyourvisit. Seeyou
soon.�

During runtimea suitablesalescontext of eachcategory is
computedrandomly, aimingto preventthewaitingcustomer
from gettingbored.

4.2.2 Dynamic SalesContexts

Therearetwo typesof dynamicsalescontexts, namelyex-
plaining the first searchresult and comparingtwo search
results.�

Explaining the first search result
To startthesalespresentationCOSIMA hasto selectoneof

thesearchresults.Sinceour PreferenceSQL-basedsearch
engineretrievesall bestmatchesto acustomer’squerypref-
erences,thereis an additionaldegreeof freedomwhich of
them to offer first. In a traditional shopthe salesperson
probablywould apply somevendorpreferenceslike mini-
mizing large inventoriesof someproductsor maximizing
her own profit margin. COSIMA can likewise apply this
strategy, too6.
Fig. 6 shows the simplified procedureof generatingthe
salescontext for explainingan item in the audioCD cate-
gory. First theselectedresultandthecustomer’srequestare
analyzedwith regardto matchingkeywords,priceandCD
type (maxi-singleor album). Dependingon the degreeof
matchCOSIMA decidesbetween“perfect hit”, “bargain”,
“good hit” and “bad hit”. The caseof no resultsis only
possibleif all connectede-shopsreturnedno resultsat all.
In this situationCOSIMA proposesa longer searchtime
adjustableby the user. EachsituationcausesCOSIMA to
generatean appropriatesalescontext. The salesexplana-
tion consistsof threeparts:

Keywords: Whichkeywordsarefoundin theresult?
Type: Is theCD of thedenotedtype?
Price: Is thepriceminimal or in thespecified

range?If not,how largeis themismatch?
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�
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�
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� price is ok
�
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Figure6. Dynamic salescontexts

6Technically, vendorpreferencescaneven be mixed alreadywith the
originalPreferenceSQLquery.



Thegeneratedsalescontextsaremergedtogetherto theac-
tualexplanationwithin anoverallevaluationof theresultby
COSIMA, e.g. � I founda bargain for you.� or � I havea
perfecthit. � .
Shealso usessalespsychologyto advertiseproductsnot
exactly matchingthe customerwishes: � TheCD “Alive”
fromPearl Jamis not deliverableright now, but I havean-
otherlive-CDof thesameband.“Live onTwoLegs” is even
tenGermanMarkscheaper. Do youwantto buy it? ��

Comparing two search results
If a perfect match is not available, the Pareto semantics
of PreferenceSQL performsa multi-attributeoptimization
presentingall best-possiblealternatives that can be com-
paredto eachotherby COSIMA. An importantcasearee-
shopsoffering the sameitem at varying prices. COSIMA
computesthe price differenceandemphasizesthat the CD
is cheaperor moreexpensive, respectively. COSIMA pays
alsoattentiononspecialsituationslikealternativeCDsfrom
thesameperformer, CDsfrom a differentperformerbut of
the sametitle, sameCDs varying in the type (maxi-single
or album),etc.
This salesexplanationtechnologyhereanalogouslyworks
in thecategoriesbooksandcomputerhardware.

5 Implementation of COSIMA

5.1 Parallel Inter net Agents

If acustomerqueryhasbeenissuedataCOSIMA client,
it getstranslatedinto a PreferenceSQL query. However,
sinceeachof theconnectede-shopshasits own searchen-
gine, this querymustbe adaptedbeforeour parallel Inter-
netagentscanbesentout. We useparallelJava threadsto
implementtheseagents.With a standardPC asCOSIMA
server (850Mhz CPU,512MB mainmemory, 10 MegaBit
dedicatedline) testsshowedthatwe canhandleup to 1000
of thesethreadssimultaneously.

To circumvent the weaknessesof the searchengines
of the connectede-shops,we implementedsuitablecoun-
termeasuresin the form of query relaxation: To guard
againstthe empty-resulteffect, all attribute conditionsof
a COSIMA client queryaresentasa disjunctivequery(i.e.
“or”-ing all conditions)to eachconnectede-shop. For e-
shopsthatdon’t evensupportdisjunctions,severalparallel
subquerieswith oneattributeconditioneacharegenerated.
ThusoneCOSIMA client querymay leadto many online-
requeststo the connectede-shops. The results returned
by our agentsaretemporarilystoredin a SQL databaseat
theCOSIMA server. Now PreferenceSQL canfilter these
pre-selecteditemswith the Paretosemantics,avoiding the
flooding effect with worseresults. Only the best-possible
resultsare sent to the COSIMA client and explained by
COSIMA.

Sinceall connectede-shopshave differentschemes,the
nastyissueof schemaintegration hasto bedealtwith. The
online-requeststo connectede-shopsaredonewith aninter-
facethat usesthe Java network capabilitiesto managethe
Internetconnections.It providesan implementedmethod
to gethtml pagesvia theInternetandtwo abstractmethods
to createthe uniform resourcelocatordynamicallyand to
parsetheresultinghtml pages.A new e-shopcaneasilybe
includedby implementingthesetwo methods.

5.2 The Multimedia Avatar

Now wewantto provideaninsightinto someimplemen-
tationdetailsof ourmultimediaavatarconcerningtheavatar
COSIMA itself, dynamicspeechgenerationandsynchro-
nizationissues.

5.2.1 COSIMA - the avatar

Whenever advisoryservicehasto be provided it is much
moreconvenientto have somebodyfaceto face(see[1]).
A personalooking at the customerembracesseveral valu-
ableaspectsfor e-commerce.It is muchmorepersonalto
thecustomer. Thefeelingthatsomeonecaresaboutthecus-
tomercanbetransmittedby anavatar. Moreover, apersona
like COSIMA entailsa recognitioneffect. Positive effects
for an e-shopare obvious, if the avatar representsa like-
ablecharacter. Creatingsucha likeableavatar7 is a diffi-
cult, interdisciplinarytaskby itself, involving cultural and
marketingaspects.SincethepresentTTS-toolsdo not per-
fectly soundlike humans,we have chosena 2.5D-avatar.
The2.5D-ladyCOSIMA is ananimatedcartoon.To bring
life to thee-shopit is necessaryto haveseveralsequencesof
theanimatedpersonato presentdifferentsituationsanddif-
ferentemotions.Examplesof scenesweneedfor COSIMA
aresayinghello or goodbyewith a smile,explainingsome
productsandpointingon them,entertainingtheuserwhile
searchingthe Internet, being very happy finding a bar-
gain, and confirming changedoptions in a friendly way.
Negative examplesthatshouldbeavoidedare,e.g. a male
avatarwith a femalesoundingvoice andvice versa. Also
a non-animatedcartoondoesnot fit to a speechoutputvia
voice. COSIMA comparesbooks,compactdiscsandPC
hardware. So in our casea young fashionedlady is that
whatpeoplenormallyexpect.

5.2.2 Dynamic SpeechGeneration

Thoughtheusualway of providing soundoutputis to sup-
portpredefinedsoundfilesin standardformatslike.au, .wav
or .ra, this impliessignificantdisadvantages:

7Thecharacterdesignfor COSIMA is undercopyright of theGerman
ResearchCenterfor Artificial Intelligence(DFKI), Saarbr̈ucken.



� It is not flexible. Thesentencesor partsof themarelim-
ited to thepreparedfiles.� For enlarging thevoicedatabasethesamepersonin the
sameconditionis necessaryto recordthenew files.� Thevoicedatabaseis verystorage-intensive.� Thereis no way to reactin real time to a new situation
you wantto talk about,e.g.you find a new productwith
a nameyou neverheard.� A transferover theInternetis oftenimpossiblein tolera-
ble time.

All theseproblemscanbewhippedoff by usinga Text-
To-Speech(TTS) tool at client side. In our settingsound
generationby a commercialTTS-tool takesonly very little
time,underonesecondtypically. Henceour architectureis
superiorto commonserver sidesolutions,which oftenaim
atapplicationwith lengthyaudiotext ([15]). Nowadaysthe
speechquality of suchTTS-toolsis at an acceptablelevel.
Theintonationis rathergoodandto somedegreeevenemo-
tions canbe expressed.Dynamicallyconvertingshorttext
messagesto speechcan be donein less than one second
evenon a PCwith a PentiumI 200Mhzprocessor. Apply-
ing sucha TTS-toolCOSIMA appearsto thee-customerto
speakin realtime.

5.2.3 The Synchronization Observer

Sinceall spokentext is generatedat runtime,all animation
sequencesmustbeflexible in length.Thechallengeof com-
biningvoiceandanimationis to providea reasonablygood
synchronization.Thoughweonly transferbasicproductin-
formationvia Internetwe cannottrust in any time to start
the animation. Even small differenceslike half a second
betweenstartingsoundandanimationmakeaverypoorap-
pearance.Thereforewe choseto implementour own ob-
serverwhich is in chargeof speechandanimationsynchro-
nization.

Oursynchronizationobservercontrolsthearriving prod-
uctdata,theconversionfrom ASCII-text to speechwith the
TTS-tool andthe loadingof the temporarysoundfile into
the randomaccessmemory(RAM). Concurrentlythe ob-
server supervisesthe loading of all neededanimationse-
quencesto RAM. Whenall partsareavailablein theRAM
thesynchronizationobserver startsvoiceandavatarsimul-
taneously. At theendof thevoiceoutputtheobserverdraws
afinal pictureor anidle taskanimationsothattheactionof
thelips stopsright on thepoint.

6 Evaluation of COSIMA

COSIMA hassuccessfullygivenherdebut attheinterna-
tional computerexhibition fair SYSTEMS2000in Munich

andwaspresentedseveral timesto a large Germanpublic
audiencein newspapers,radioandtelevision broadcast.A
freewareclientversionof COSIMA is in usebyseveralhun-
dredusers.

6.1 User feedback

COSIMA usersarenotselectedtestuser, they arepeople
who heardaboutCOSIMA in radio,TV or print mediaand
downloadedthesoftwarefrom ourhomepage[4]. Daily we
receive about30 requeststo our comparisonshopwith in-
creasingtendency. To useCOSIMA aPCwith at leasta400
Mhz CPU,64 MB RAM anda 14.4KBit Internetconnec-
tion is recommended.The usersgave a lot of encourage-
mentfor our work, e.g. positive commentsaboutour very
nice femaleavatar, that voice output is a very “cool” and
helpful idea, that the comparisonshopsaves money, that
query resultsarevery well related,or the desirefor more
searchcategories,especiallyDVD-movies.

In summary, positive feedbackand acceptanceof this
novel cooperative interfacefor e-shoppingwasvery good.
It’s worth mentioningthat so far we did not have a sim-
ple complaintabouta bug or crashof the very complex
COSIMA system.

6.2 Efficiency

Now let’s have a look at someperformanceevaluations
under three perspectives basedon experienceswith our
users. For eachuserquerywe loggedwhich productshe
is interestedin detailandwhich heput in his shoppingbag.
Also all presentedresultsare loggedfor analysis. And of
coursewe rememberedthequery.�

Cardinality of PreferenceSQL results
ThePreferenceSQL searchenginepicksup only thebest-
matchingresults. Predominantlythis numberof the pre-
sentedresultsis between1 and20 (seefig. 7). Note that
this fits very well to the requirementsof a salessituation,
wherethecustomerwantsto haveaneasyto survey choice.

Figure7. Bestmatching items per query�
Filter effectivenessof PreferenceSQL

In section 5.1 we describedthe implementationof our



searchagents. When a requestwith very popularwords,
e.g. “love”, is sent,quite a lot of resultscamebackto the
database.We measuredup to 300.000datasetsfor one
request. The medianis about1.400. The filter effect of
PreferenceSQLis veryremarkable.Fig. 8 displaystheme-
dianof how many percentof thetemporaryCOSIMA server
databaseareselectedby thematch-makingprocessof Pref-
erenceSQL.

Figure8. Filter effectivenessof PreferenceSQL�
Overall responsetime of a customerrequest

Finally we want to studytheoverall responsetime for one
customerrequestto COSIMA. In fig. 9 themeanresponse
time for thebookagentsis depicted.Thesefiguressuggest
avalueof 10-15secondsaslimit to wait for agentresults.In
somecases(e.g. overloadedInternetconnection)it is use-
ful to incrementthis maximumsearchtime. Thesevalues
aresimilar to the two othercategoriesaudioCDs andPC
hardware.

Figure9. Responsetime for the book agents

The overall responsetime for oneCOSIMA client request
is decomposedasshown in fig. 10.
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Figure10. Time expensefor a customerquery

Therearesix stepsto do in onerequest:

I Sendingthe requestfrom a COSIMA client to the
COSIMA server dependson the connection(LAN,
modemetc.),sowe estimateaboutonesecond.

II This dependson theoptionsettingfor maximalagent
searchtime. Let’sassumea defaultof 10 seconds.

III Our median of inserting the agent results to the
COSIMA serverdatabaseis 0.9seconds.

IV The PreferenceSQL searchengineon the average
needs2.2seconds8.

V For sendingtheresultsbackto theuserwe againesti-
mate1 second.

VI The median of speechgenerationand loading of
speechandanimationis 0.8seconds.

In summary, providing the extra benefit of a good sales
advice with an advancedmultimedia interface to the e-
customersonly causesan overheadof about 4 seconds.
Most of the time is consumedby thesearchenginesof the
connectede-shops.SinceCOSIMA canshortenthiswaiting
timeby infotainment,thewholeresponsetimeof around13
secondswasnever foundfrustratingby our users.

7 Summary and Future Work

We have presentedour ongoingCOSIMA project, en-
visioning a smartandspeakinge-salesassistantfor better
e-shopping.With COSIMA we have implementeda meta-
searchenginefor comparisonshoppingover various ex-
isting commerciale-shops. The very successfuldebut of
COSIMA at theSYSTEMS2000computerfair in Munich,
the positive feedbackanda steadilygrowing usercommu-
nity have confirmedour belief in this novel typeof cooper-
ative userinterface.Themainchallengesandcontributions
of COSIMA sofar canbeattributedto sophisticatedarchi-
tecturaldesignissuesandcarefulcomponentselection.In
particular, we emphasizedthe interrelationshipof a search
engineandthe quality of dynamicallygeneratedsalesad-
vice, pointing out that PreferenceSQL-basedsearchen-
ginesare a very suitablechoice. Both the embarrassing
empty-resulteffect and the annoying flooding effect with
worseinformationexperiencedfrom many othersearchen-
ginesareavoidedby PreferenceSQL dueto the principle
of Pareto-optimality. Of course,COSIMA could work on
top of othersearchengines,but herquality of salesadvice
correlateswith the quality of the searchengine. We also
demonstratedhow dynamicsalescontexts, includingbasic
ingredientsof salespsychology, can be realized. As an-
otherhighlightwe introducedanefficientcomponentarchi-
tecture,wherethe synchronizedinterplayandspeechgen-
erationbetweentheanimatedavatarCOSIMA andthespo-
kensalesadvicetakeplaceon client side.In a nutshell,our
charminge-salesassistantCOSIMA bringsalreadya bit of

8So far, thereareno scientificpublicationsaboutimplementationde-
tailsof PreferenceSQLdueto pendingpatents.Key algorithmsthatenable
thisgoodperformancewill besubmittedfor publicationsoon.



the shoppingfeeling to the new economythat we appreci-
atedsomuchin theold economy.

Sinceoneof our overall designprincipleshasbeenthat
of flexibility , therearenumerousorthogonalevolutionpaths
for forthcomingversionsof COSIMA, in particular:�

Negotiations: Accordingto [3], importantfeaturesof a
powerful negotiation architecturewould include a search
enginethat is capableof multi-attribute optimizationsand
a dialog environmentbasedon the Language-ActionPer-
spective of SearleandHabermas(see[16]). With Prefer-
enceSQL we arepreparedalreadyfor multi-attribute op-
timization, whereasour human-avatarinteractionneedsto
considera theoryof speechactsfor COSIMA.�

Salespsychology: We canaddnew piecesthereofin an
evolutionaryway, consideringthetraditional4-stagemodel
for performinga successfulsalesdialog. The impactwill
even be greater, if we achieve to expressemotionsfor our
animatedsalesavatar([2]).�

Smartnessandchatting: COSIMA canbemadesmarter,
if shehasonline accessto domain-specificknowledgeor
metaknowledge.Thenshecanimmediatelyreactto query
formulationsof the customerthat don’t make muchsense
and requiresomeexpert know-how. In combinationwith
a chattingfunctionality this would beanotherstepforward
towardscompetentcustomeradvice.�

Speech input: For mobilecommercespeechoutputasal-
readyrealizedby COSIMA would bea greatfeature.Also
offering speechinput insteadof typing the query into a
searchmask,would be anothergreatprogressfor mobile
commerce.�

Preferencemining: Knowing customers’preferencesis
at theheartof any successfulsalesadvice.PreferenceSQL
learnssuchpreferencesdirectly from customerinput into
thesearchmask.But it is veryworthwhileto performpref-
erenceminingonserverlog filesaswell in orderto discover
morepreferences.This knowledgecanbeusedin futuree-
shoppingsessionsfor cross-selling,collaborative filtering
or personalizedinfotainment.�

Autonomouse-shoppingagent: Our parallelagenttech-
nology can be usedas a backboneto implementan au-
tonomousagent,whogivena list of shoppingitems,aprice
and time constraintcando the errandson behalfof an e-
customer. This canevenincorporateautonomoushaggling
with e-shopsande-auctions(see[12]).

CertainlyCOSIMA will neverreplaceasmartrealsalesper-
son,but we believe shewill make e-shoppingmuchmore
exciting than it is today. The benefitswill be very re-
warding,includinga highercustomerloyalty or morecost-
effective call centers,which candelegatesimpleadvisory
tasksto thee-salesassistantsandonly mustconnectto high-
paidhumanexpertsfor high-qualityadvise.
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