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ABSTRACT

As a vast number of products have been flooding time electronic commerce market, it would be atnrapossible for

customers to consider all the alternatives and nsstesible choices. This problem motivates us teestigate the
implementation of purchasing assistant for buyermulti-agent trading settings. Towards this end,farmally define

domain knowledge using ontology builder, and compilstomers’ preferences into personal profileeBam personal
profile, our recommendation agents prioritize thedoicts according to their total utilities. In teeperiment, it turns out
that our recommendation agents properly adviseeifspproduct based on the customer’s preferences.
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1. INTRODUCTION

A vast number of products and services have bemodifhg into the electronic commerce (e-commerce)
market. It would be almost impossible for custom&rsconsider all the alternatives and make sensible
choices. If customers are tired of sorting out infation needed for their purchase or they are ats$fsed
with their own resulting choices for their painsey will not hesitate to leave the e-market. Thppiers
also will not tolerate slow response from custorard uncertain orders which do not reflect custemer
preferences faithfully. As the e-market is expagdal the more, its constituent members, that iarket
providers, merchants, and customers will definitelguire an assistant tool to make the e-markeiman
active and efficient manner [6, 7, 9, 14].

This paper will focus on a purchasing assistannfoustomer’s point of view. Our agent as a purciwsi
assistant recommends the feasible number of preludigices for customers using personal profilesuiti-
agent trading settings. The role of our recommeodatgent is to compile customers’ preferences tinéir
personal profiles, filter unprofitable choices lisa the profiles, and hence recommend best chaiveng
a huge number of products and services. This ®éltlito timely response between customers and mmescha
by reducing the range of choices, and more accyratehasing decisions through analysis of customers
preferences.

As a case study, we implement a digital camerartgaslystem as a multi-agent e-commerce market. The
system will define domain knowledge in the form aftology, which help communicate between the
components of the system. Building the digital ceandomain ontology, then, we test the quality of
recommendation for the customers by computing tititias of products given their preferences.

In the following section, we introduce an e-comneetrading system in multi-agent settings, and érpla
the components of the system. The ontological ssard customers’ preferences will be discussed. In
experiment, students as customers will evaluatigatlicameras and their feedback will be storechanform
of their profiles. In conclusion, we summarize oesults and further research issues.



2. MULTI-AGENT TRADING SYSTEM

To provide trading markets on the Internet, varisading environments have been suggested [6,]9This
paper examines the general skeleton of the tragiagkets, and introduces a multi-agent trading syste
which facilitates buyers and suppliers in the e-cmrcte market. The multi-agent trading system regss
each role of the components, which are market gesyimerchant agent, and recommendation agent, as
depicted in figure 1. We implement the system udiaga programming language so that the agentsecan b
applicable regardless of any platforms.
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Figure 1. A multi-agent trading system architectditee system consists of market provider, merchgant, and
recommendation agent.

The market provider module produces a specificlogtg using its ontology builder shown in figure 2,
given an application domain. The generated ontolagyn be shared with merchant agent and
recommendation agent through communication modiutaoch agent, and enables the agents to interchange
their knowledge [11, 13]. The market provider masagot only the ontology but also the informatibowt
the other agents. For example, to get the instamtgm of products/items, the recommendation agemiests
IP address of merchant agent from market providEne peer-to-peer connection between the
recommendation agent and the merchant agent castaklished, and then the merchant agent proviwes t
recommendation agent with the actual instantiatafrroducts.

The merchant agent provides a graphic user intef@t)l) used to instantiate a tapestry of prodfrois
suppliers, and a list of products to recommendadigents, in which customers may be interested ngive
ontology generated. The list of products and thestances can be passed over the recommendation age
whenever the recommendation agent requires.

As we mentioned, this paper focuses on the rolpuothasing assistant, who prioritizes products dase
on personal profile. The recommendation agent parehasing assistant [2, 3, 7, 8] composes of iegrn
module, filtering module, and communication modudlée learning module of the recommendation agent
compiles customers’ preferences into user pradite] continuously updates the user profile to reprethe
up-to-date customers’ preferences. Its filteringdme recommends best products tailored to the mests
needs, based on their personal profile. Sinceiltieeifig module narrows down the number of alteitrest far



from the customers’ likeliness, it leads to praadtichoices among the huge number of products. ilteeirig
process, thus, improves the responsiveness bettheemarket and a specific customer, and reduces the
ambiguity of the customer’s decision.

2.1 Building an ontology

The ontology, in this paper, could be defined as ehtity representing the hierarchy of information
concepts) which various types of software agentanoonicate in multi-agent settings [1, 11, 13]. The
ontology can interlink the market provider, merahagent, and recommendation agent within the elaitr
trading system on the Internet, by providing telogies and meanings. Thus, the ontology enabbs to
define their formal knowledge about the world, tbar® their knowledge, and to interchange their
information.

As an ontology development tool, they have develo@NTOLINGUA [5], PROTEGE-2000 [12],
WebODE [1], etc. Duineveld et al. [4] and Noy and®uinness [13] have surveyed their weaknesses and
advantages for comparative studies. We have alsigredl and implemented an ontology builder using Ja
programming language, which easily define and edlitibutes, and represent the hierarchical relation
between the attributes.

The ontology in our framework hierarchically dendomain knowledge, and, from merchant agent’s
perspective, serves as a basic template of inatemmtifor a product and, from recommendation agent’
perspective, serves as personal profile to reptesmtomers’ preferences. For example, the manatiger
defines a digital camera domain knowledge in fofrerdology, as depicted in figure 2, using our ¢ody
builder. ‘Digital Camera’ in figure 2 is the rootass in the concepts of hierarchy. ‘Spec’ and ‘C@Ee the
objects, in the different level of the ontology,tbé ‘Digital Camera’ class. The values of the k=ain the
ontology, for example, 1 mega pixel, are the attels in the form of slots.
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Figure 2. An example screen of ontology for digd@aimera. The digital camera domain ontology waigeead by using
our ontology building tool.



2.2 Calculating customers’ preferences

Building domain ontology, the recommendation agasta purchasing assistant maintains customers’
preferences and prioritizes alternatives basedheir preferences. To evaluate the preferencesagents
follow the multi-attribute utility theory [15, 16,7, 18]. The utility represents user’s preferenchappiness.
The total utility associated with a product canswnmed up using weights of attributes. If a custome
prefers a product, therefore, its utility coulddryeater than those of other products. The valudility, V, of

a producix at current timé can be computed as follows:

V() = Wl W

whereW is the weight of i-th attribute. Equation 1 isundtion evaluating the value of a product, which
presents customer’s preference.

The customers refine their preferences and makehpaing decisions. To maintain up-to-date custasner’
preferences, the recommendation agent gets thedtbéek and updates the weights of attributes iir the
personal profile as follows:

W(x|t) =W (x|t -1 +AW @)

In equation 2, when the customer replies with ‘gbdilV is given to 0.5; otherwiselWis 0.

Table 1. An example of customer’s feedback in &aligamera domain

Pixels CCD | Optical Zoom | Manufacturer Evaluation
Camera A 2 MP 3% Sony No Good
Camera B 3 MP 5X Samsung Good
Camera C 2 MP None Samsung No Good
Camera D 3 MP 5 Canon No Good

For example, let us consider table 1. Table 1 costiur digital cameras from Camera A to Camera D.
When a customer evaluates them as shown in taltee weights of the attributes of Camera B rateith wi
‘good’ increase by 0.5. According to equations H &n the resulting utilities of the four digital roaras
should be changed as follows:

VA =0+0+0=0

V(B|t) =0.5+0.5+0.5=15
V(C|)=0+0+05=0.5
V(D|t) = 0.5+ 0.5+ 0 = 1.0

As a result, the utility of camera B(B|t) = 1.5, is the greatest value among those of fa@itadl cameras,
and the camera B could be the best product comsgleustomer’s preference.
3. IMPLEMENTATION AND EVALUATION

We have implemented the multi-agent trading syStesing Java programming language. To evaluate our
purchasing assistant within the multi-agent tradiggtem, we tested the system with 20 studentstadio

1 For demonstration of the multi-agent trading systesfer to “http://cis.catholic.ac.kr/.”



the computer seminar class. The goal of the exmating to assess the quality of recommendatioartadl to
customers’ personal preferences.

For the experiment, we used a digital camera donkéist of all, the market provider defined a digit
camera domain ontology, as depicted in figure @,tae merchant agent provided a list of producitsguthe
ontology, as shown in figure 3. The recommendagigent provided customers with the instantiationthef
products, as captured in figure 4, and, if the @ustrs set their preferences, then the recommemdagjent
compiled the preferences into their personal profllhe customer could refer to the resulting ramkshe
digital cameras, as depicted in the right-mosteabl figure 4. This mapping process from the user

preference to the alternative products enabledctistomers to choose best products given a tapesétry
products.
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Figure 3. The screen of merchant agent showsaf pebducts provided by suppliers.

In the experiment, the merchant agent provideddi§i®al cameras, as shown in figure 3, and, given t
digital cameras, the customer expressed their ignedes of the products by choosing ‘good’ or ‘nodjbas
shown in figure 4. Using equations 1 and 2 in ®ecf.1, we measured the weights of attributes @odat
through the customer’s feedback, and normalizedvisights between 0 and 1.

We also computed the posterior probabilities afitaites using naive Bayesian classifier given that
customer evaluated products as ‘good.’ Bayes xaees whether or not a propéropserved as evidence

belongs to a specific hypothesis (or class), giaeset of data distribution. Bayes theorem [10, d&j be
defined as follows:

2 In this paper, the property corresponds to custsmpeeference or propensity.



P(x |h;)P(h;)

P(h, |x)=

m

ZP(Xi |h;)P(h;)

where, a set of observable attributes, X £, §, ... ,x}; a set of hypotheses in a domain, H 5,{h,,
... .hn}; P(hy|%) is the posterior probability of the hypothesisth H, given that x x, O X, is an observable
event. In our experiment, the set of observablébates, X, consists of specification, functionpaprance,
and manufacturer of digital camera, and the hysmbeare either ‘good’ or ‘no good.’ Given the detlata
as evidence naive Bayesian classifier allows esiliculate the buyer’s preferences,;Ppe(h).
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Figure 4. The recommendation agent provides afliptoducts instantiated. Customers set their peigoreferences,
and the recommendation agent, then, prioritizepthducts based on the profile, as shown in thg-rigpst table.

Figure 5 shows the preferences of one of 20 stadéntfigure 5, the white bar presents the weights
measured using the weight updating rule, as destrib equation 2, and the black bar presents the
conditional probabilities measured using naive Bayeclassifier. In this example, the student eatzid 18
alternatives as ‘good’ out of 96 digital cameras. SUmmarize the student’s preferences in figuréhé,
customer preferred (1) above 5 mega pixels CCDC@&memory, (3) built-in battery, (4)4~ 5x optical
zoom, (5) voice included, and (6) large size. Mo$tthe preferences measured using weights and
probabilities were similar. We summarized all oé tstudents’ preferences using weight updating anig
naive Bayesian classifier, and the resulting pesfees were similarly represented by two methodas;Ti
turns out that our recommendation agents propetiyisad a specific product based on the customers’
preferences.
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Figure 5. The resulting preferences of a specifst@mer. The white bar presents the weights medsisiag the weight
updating rule, as described in equation 2, andblhek bar presents the probabilities measured usiiige Bayesian
classifier. For comparison, the weights are normealibetween 0 and 1.

4. CONCLUSIONS

This paper implemented a plausible trading envireninin multi-agent settings and focused on a qoiesif
how customers could get best products based onpkesonal preferences. Towards this end, we fdymal
defined domain knowledge using ontology builderd aompiled customers’ preferences into personal
profile in a digital camera domain. Based on peasgmofile, our recommendation agents prioritizaé t
products according to their total utilities. We qmared the resulting weights of the attributes vitik
resulting posterior probabilities using naive Bage<lassifier. The experiment showed that theausts
within the electronic market were satisfied witle tjuality of recommendation.

Our next step is to improve our system to refladtemers’ preferences in more refined manner. For
example, the feedback could be classified by dmtailevels, instead of ‘good’ or ‘no good.” The
recommendation agent, thus, interprets the stremgthe weakness of a certain product, and questifie
evaluation into some numbers. Further, we coulcerektour framework to other various e-commerce
applications, for example, travel guidance, mobdatents, and so on. As well as buyer’s perspedatitkis
paper, we will design and implement trustiness amgutation of suppliers. Within our e-society, the
merchant agent can keep track of suppliers’ behswvand maintain trustworthy suppliers. By addingse
functions, we hope we will develop a comprehenamnti-agent trading environment on the Internet.
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