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Abstract

Intelligent agents called pricebots provide a convienient
mechanism for implementing automated dynamic pricing
algorithms for sellers in an online economy. Pricebots en-
able an online seller to dynamically calculate a competi-
tive price for a product in response to variations in mar-
ket parameters such as competitors’ prices and consumers’
purchase preferences. Previous research on pricebot medi-
ated pricing makes certain simplifying assumptions of on-
line markets such as providing sellers with complete knowl-
edge of market parameters to facililate calculations by the
dynamic pricing algorithm, and, considering product price
as the only attribute that determines consumers’ purchase
decision. In this paper, we address the problem of dynamic
pricing in a competitive online economy where a product is
differentiated by buyers and sellers on multiple attributes,
and, sellers possess limited knowledge about market pa-
rameters. A seller uses a collaborative filtering algorithm
to determine temporal consumers’ purchase preferences fol-
lowed by a dynamic pricing algorithm to determine a com-
petitive price for the product. Simulation results using our
market model show that collaborative filtering enabled dy-
namic pricing techniques compare favorably against other
dynamic pricing algorithms. Collaborative filtering enables
sellers to rapidly identify temporal customer preferences
and improve sellers’ profits.

Keywords: Agent mediated e-commerce, dynamic pric-
ing, collaborative filtering.

1. Introduction

With the advent of the Internet, e-commerce has im-
proved traditional business processes by increasing the ac-
cessibility between buyers and sellers, and, automating vari-
ous trading processes. Buyers using online e-commerce ser-
vices such as comparison shopping and merchant rating[3,
17] are able to make an informed purchase decision after
comparing offers from different sellers from all over the

world. This has resulted in increased competition between
sellers offering similar products. Online sellers have re-
sponded by using automated pricing techniques that dynam-
ically update the advertised price of a product. Intelligent
agents called pricebots[15] provide a suitable paradigm for
rapidly and accurately updating the price of product for a
seller by implementing a dynamic pricing algorithm. Al-
though dynamic pricing had been implemented by some
online merchants such as Amazon Inc.[1], it is yet to be
adopted widely in e-commerce. The principal drawback of
the dynamic pricing mechanism employed[4] was that it of-
fered identical products to different consumers at different
prices based on the consumers’ purchase preferences.

Surveys of consumers who purchase products online[8,
20] reveal that online buyers are frequently willing to pay
an elevated price for enhanced values on particular prod-
uct attributes such as delivery time, seller reputation, and
after-sales service. Different consumers have been reported
to prefer different product attributes and these preferences
vary over time depending on exogenous factors such as
sales promotion, aggressive advertising and even time of the
year. Therefore, it is important for an online seller to differ-
entiate a product along multiple attributes, and, determine
a potential buyer’s purchase preferences over the different
product attributes so that it can tailor its offer to meet the
buyer’s requirements and improve its profits. In this paper,
we describe a software agent enabled dynamic pricing al-
gorithm for online sellers which uses collaborative filtering
to determine buyers’ purchase preferences, and then, cal-
culates a profit maximizing price for the seller using a dy-
namic pricing algorithm.

2. Multi-attribute Dynamic Pricing
Using Intelligent Agents

Automated dynamic pricing for online economies has
been analyzed and implemented through simulated market
models in[7, 9, 10, 15]. A seller in an automated market
employs the services of a pricebot that dynamically calcu-
lates a profit maximizing price of a product for the seller
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in response to fluctuations in market parameters such as
prices and profits of competing sellers and buyers’ reserva-
tion prices. The updated product price is posted by the seller
in the market at regular intervals to continue to attract buy-
ers while maintaining a competitive edge. Most of these sys-
tems consider product price as the principal determinant of
a consumer’s purchase decision. However, micro-economic
literature and online consumer surveys[8, 14, 13] suggest
that a consumer’s purchase decision is determined by mul-
tiple product attributes including price, delivery time, seller
reputation, product quality and after-sales service. There-
fore, it makes sense to model an economy where a prod-
uct is differentiated by buyers and sellers over multiple at-
tributes. Kephart et al[15] have also shown that a market
model in which buyers discriminate between sellers based
only on product price is susceptible to price-wars between
sellers which prevent them from converging on an equilib-
rium. However, in real markets perennial price wars are in-
frequent because consumer preferences over different prod-
uct attributes are temporal[13]. Consequently, in addition to
determining buyer attribute preferences, sellers must also
continuously update those preferences to remain competi-
tive in a market with dynamic consumer preferences.

Economic analyses of e-markets[12, 15] assume that ev-
ery seller has complete knowledge of market parameters
such as buyer reservation prices, competing sellers’ prices
and profits, and equilibrium points that are then used by the
seller’s pricing algorithm. In real-life, a seller has to explic-
itly request other competing sellers for their price informa-
tion. Rapid fluctuation of market prices in an online econ-
omy can frequently leave a seller with outdated competi-
tor price information that can cause the seller’s dynamic
pricing algorithm to function incorrectly. Also, it is diffi-
cult, if not impossible for sellers to obtain prior informa-
tion about buyers’ parameters. Therefore, in this paper, we
have not assumed prior knowledge about market parameters
to be available with online sellers. A seller in our model de-
termines and updates the temporally varying buyers’ pur-
chase preferences over different product attributes using a
collaborative filtering algorithm. The information about the
buyers’ attribute preferences is then used by the seller’s dy-
namic pricing algorithm to calculate a competitive price of
the product that is posted by the seller in the market.

3. Model

Real-life internet economies involve complex interac-
tions between several buyers, sellers and possibly brokers
that facilitate trading. We have made certain simplifying
assumptions of an online economy that simplify analysis
while retaining the essential features of the market. Our
Internet market model is based on the shopbot economy
model of Kephart and Greenwald[15]. Our market model

Figure 1. A hypothetical market showing two
buyers with preferred attributes as a1 and a3

respectively making a quote request to four
sellers and selecting the seller that offers the
best price for the product on their respective
attributes. The tuple < pa1 , pa2 , pa3 , pa4 > be-
low each seller denotes the normalized price
offered by each seller on the different prod-
uct attributes.

consists of S sellers who compete to provide B buyers
(B � S) with a single indivisible commodity. Sellers be-
have as profit maximizers. The goods being sold are con-
sumables and every seller has sufficient supply of the good
to last the lifetime of the buyers. Buyers return to the market
repeatedly to re-purchase the good. Examples of such mar-
kets include commodities used daily such as groceries and
even renewable services such as telephone or Internet ser-
vices. A product is characterized by buyers and sellers on
multiple attributes. A seller offers a slightly different price
for the product along each of its attributes. As shown in Fig-
ure 1, a buyer first requests a quote from the sellers for the
price along the buyer’s preferred product attribute and se-
lects the seller that makes the best offer. The buyer’s pre-
ferred attribute is not revealed to a seller when the buyer
makes a quote request. Therefore, the objective of a profit
maximizing seller is to determine a buyer’s preferred at-
tribute in response to the buyer’s quote request. The seller
can then calculate a competitive price of the product along
the buyer’s preferred attribute and make an attractive offer
to the buyer.

Sellers. A seller Sj enters the market with an initial
posted price p0

ai,Sj
for a unit of the good under attribute

ai. Every seller has a unit production cost pco below which
it is not willing to sell the good. The price charged by a
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seller Sj during interval t along product attribute ai is de-
noted by pt

ai,Sj
. This price is updated by the pricebot at in-

tervals τSj using the dynamic pricing algorithm. All prices
are normalized to ensure uniformity. Different sellers up-
date their product prices asynchronously and each seller
adopts its own pricing strategy.

Buyers. Buyers make quote requests to sellers at a con-
stant rate ρb and determine the offers made by the different
sellers. We assume that the buyers are aware of the exis-
tence of all the sellers in the market. Since we analyze pric-
ing algorithms for sellers, seller discovery is not treated as
a major issue in the model. In the real world, online buyers
can employ comparison shopping services[17] to discover
sellers. Every buyer has one of the product’s attributes as
its preferred attribute. A buyer’s preferred product attribute
is drawn from a discrete distribution fpa and is allowed to
vary temporally. Every buyer b has a reservation price pr,b

above which it is not willing to purchase the product. Buyer
reservation prices are drawn from a fixed continuous distri-
bution fpr. Sellers are unaware of both the distributions fpa

and fpr. The utility of the product to a buyer b with pre-
ferred attribute ai, which makes a quote request from seller
Sj during interval t is given by Ub,i,Sj = pr,b − pt

ai,Sj
. The

purchase decision is made by buyer b by comparing offers
made by all sellers on its preferred attribute ai and select-
ing seller Sk whose offer gives the maximum utility Ub,i,Sk

.
Buyer b then pays seller Sk the price of the product and the
seller delivers the good. Payment and product delivery are
not discussed any further here as we concentrate on seller
pricing strategies.

To make a competitive offer, a seller should be able to de-
termine the preferred attribute of a buyer in response to the
buyer’s purchase request and then calculate a competitive
price on that attribute. To achieve this a seller has to cor-
rectly estimate the distribution of preferred attributes fpa

and the distribution of reservation prices of buyers fpr. In
the next section, we analyze seller profits in a mathemat-
ical model of the market and then we describe the algo-
rithms that are used by sellers to estimate buyers’ prefer-
ences and dynamically update the posted prices over the dif-
ferent product attributes.

3.1. Analysis

Since we assume sellers are profit maximizers, the objec-
tive of every seller in our model is to determine a price for
every attribute of the product which maximizes the seller’s
profit. However, the pricing function of a seller cannot be
stationary as other competing sellers would revise their
prices to improve their offers and attract buyers away from
the seller. Therefore, every seller must update the prices it
charges on different product attributes at intervals of τSj in
response to competitors’ pricing strategies, and also, in re-

sponse to changes in buyers’ preferred attributes. We now
analyze the pricing problem for sellers in our model. The
market described in Section 3 is defined by the following
parameters:

B Number of buyers in the market
SN Number sellers in the market
ν Number of attributes of a product.

All products have the same attributes.
ai The i-th product attribute, i = 1...N
fpr Continuous distribution of number of buyers over

reservation prices. This distribution is time invariant.
pr,b Buyer b’s reservation price.
fpa Discrete distribution of buyer preferences over

product attributes. This distribution varies over time.
ρb Arrival rate of quote requests from buyers to a seller
p0

ai,Sj
Seller Sj’s market entry price for a unit of the item
on attribute ai.

pco Unit production cost for a seller. This cost is
is assumed to be uniform over all attributes.

τSj Price update interval for seller Sj

pt
ai,Sj

Price offered by seller Sj to a buyer
with preferred attribute ai during interval t

The fraction of buyers that make quote requests to a
seller Sj during one update interval is given by βSj =
ρbτSj /B. We analyze two separate scenarios: i) When there
is only one seller in a monopolistic market, and, ii) When
there are multiple sellers in a competitive market.

Case I SN = 1 (Single monopolist seller). Let us de-
note the single seller as S1.t The number of buyers with
preference on product attribute ai is given by fpa(ai). The
number of purchase requests to a seller in one update inter-
val from these buyers is βS1 × fpa(ai). The unit profit to
the seller is given by (pt

ai,S1
− pco) and the number of buy-

ers for whom the reservation price is not exceeded when the
seller offers a price pt

ai,S1
is given by

∫ p

pco
fpr(pt

ai,S1
). The

profit to the seller from the buyers with preference on at-
tribute ai is then given by:

πt
S1,i = βS1fpa(ai)(pt

ai,S1
− pco)

∫ p

pco

fpr(pt
ai,S1

)dp (1)

and, the total profit to the seller is given by:

πt
S1

= βS1

∑
ai

fpa(ai)(pt
ai,S1

− pco)
∫ p

pco

fpr(pt
ai,S1

)dp (2)

Since the seller is a profit maximizer, the maxi-
mum profit to the seller can be obtained by setting
δπt

S1
/δpt

ai,S1
= 0 in Equation 2. fpa becomes a con-

stant in the differential. This means that a monopolist
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seller’s pricing strategy is independent of the buyers’ at-
tribute preferences. Further analysis of Equation 2, as-
suming that the seller uses a normal distribution to
model fpr shows that a monopolist seller can charge a
fixed profit-maximizing price that attracts the most num-
ber of buyers.

Case II SN competing sellers. We consider the analy-
sis from the point of view of a single seller S1 that is com-
peting with all other sellers S2, ...SN in the market. Simi-
lar to equation 2 we can write the profit to seller S1 on at-
tribute ai as:

πt
S1,i = βS1fpa(ai)(pt

ai,S1
− pco)

∫ p

pco

fpr(pt
ai,S1

)dp (3)

provided Ub,i,S1 > Ub,i,Sj , and, πS1,i = 0, if Ub,S1,i <
Ub,Sj,i where j = 2...N .

Let us analyze each of the terms in Equation 3. Deter-
mining the price that maximizes the profit πt

S1,i is an opti-
mization problem provided the seller estimates the buyer
distributions fpa and fpr correctly. fpa(ai) gives the frac-
tion of buyers whose preferred attribute is ai. When
Ub,i,S1 < Ub,i,Sj , where j = 2...N , fpa(ai) = 0 be-
cause no buyers purchase from S1 when it is not making
the best offer on the buyer’s preferred attribute. The dis-
tribution fpa is not available with the sellers and the
seller must estimate it correctly to maximize profits. If the
seller underestimates fpa(ai) then it ends up losing rev-
enue from the buyers that could not be correctly identi-
fied with preferred attribute ai. On the other hand, if it
overestimates fpa(ai), it means that buyers whose pre-
ferred attribute is not ai have been incorrectly identi-
fied with preferred attribute ai. The seller then ends up
losing revenue from these buyers whose preferred at-
tribute was incorrectly identified. Therefore, it is impor-
tant for a profit maximizing seller to correctly estimate
the distribution fpa. Here, we have used a probabilis-
tic prediction algorithm based on collaborative filtering that
enables a seller estimate fpa efficiently to solve this prob-
lem in Section 4. The term (pt

ai,S1
− pco)

∫
fpr(pt

ai,S1
)dp

in Equation 3 gives the total profit to the seller on at-
tribute ai independent of the buyers’ attribute preference
distribution fpa. Since both these terms include the cur-
rent price of the item, they are dependent variables. We
optimize the product of these two terms using our dy-
namic pricing algorithm in Section 5.

4. Dynamically Determining Consumer
Preferences

As shown in Figure 1, a buyer compares the prices of-
fered by the different sellers along its preferred product at-
tribute. To make a competitive offer in response to a buyer’s

purchase request, a seller should be able to identify the
buyer’s preferred attribute and then use a dynamic pricing
algorithm to offer a competitive price to the buyer on that
attribute. For this, the seller should be able to estimate fpa

- the distribution of buyer preferences over the product at-
tributes and then use it to predict the preferred attribute of
a buyer in response to the buyer’s purchase request. Here,
we have used collaborative filtering (CF) to enable a seller
predict a buyer’s preferred attribute. Collaborative filtering
algorithms[5, 16, 21] collect user opinions or preferences
on items of interest. A correlation method is then used to
predict and recommend possible items to new or returning
users based on the similarity of their interests with those
of the users in the collected information. In CF algorithms
the preferences of users for different items is assumed to
be invariant over time. For example, in a CF-based recom-
mender system for customers of books, a buyer who has
purchased several books on physics, is recommended books
on or related to physics with a high probability. Station-
ary user preferences allows CF algorithms to analyze the
collected data in multiple dimensions (memory-based and
model-based) for more robust predictions. Many CF sys-
tems also use the preference history of returning users to
predict future preferences of the user with reasonable accu-
racy. In contrast, in our market model, customers’ attribute
preferences vary over time due to exogenous factors. For
example, a buyer whose usual preferred attribute is price
could change its preferred attribute to delivery time when
an urgent delivery is required. Therefore, a seller’s attribute
prediction algorithm for a potential buyer has to adaptively
respond to possible changes in buyer preferences. Our at-
tribute prediction algorithm described in the next section
achieves this by dynamically updating the model of the
buyer attribute preferences constructed by the seller.

4.1. Attribute Prediction Algorithm based on
Collaborative Filtering

We illustrate the algorithm for a single seller S1 assum-
ing that it is competing with the rest of the sellers in the
market. The same algorithm can be used by other sellers as
well. A seller constructs one buyer cluster for each prod-
uct attribute. Let us suppose there are C = ν clusters main-
tained by the seller. A buyers with the preferred attribute ai

is placed into cluster ci with a probability wi,t during inter-
val t. The vector of probabilities over all clusters is given
by Wt =< wi,t >. These probabilities get updated dy-
namically in response to changes in the buyer preferences.
When a buyer makes a purchase request, the prediction al-
gorithm takes the history of wi-s and outputs the predicted
cluster(preferred attribute) for the buyer. When a buyer is
placed in a cluster by the prediction algorithm, the current
value of W , the buyer-id, the cluster in which the buyer is
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placed and the purchase decision of the buyer are recorded
by the seller in a purchase history table P . The j-th row of
this table is then given by Pj =< Wj , bj, cj , dj >.

At the end of an update interval t, let pci,t denote the
number of positive purchase decisions, and nci,t denote the
number of negative purchase decisions for the buyers in
cluster ci. If pci,t > 0, it means that seller S1 has made
the most attractive offer on attribute ai during interval t. At
the same time, if nci,t > 0, it means that seller S1 had in-
correctly identified some buyers from another cluster into
ci that made the negative purchase decisions. On the other
hand, if pci,t = 0 it means that another seller had made a
better offer than the current seller during the last update in-
terval. If nci,t > 0 and/or pci,t = 0, the seller needs to re-
vise the wi-s during the next interval so that it can reduce
the number of buyers that have been incorrectly identified.
The update equation we have used for wi uses the difference
between the number of buyers that have correctly and incor-
rectly identified. This ensures that the update amount is re-
inforced by the number of correct identifications and penal-
ized by the number of incorrect identifications.

wi,t+1 = w
pci,t

p −nci,t
n

i,t (4)

where p =
∑

ci
pci,t and n =

∑
ci

nci,t

The preferred attribute for a buyer that has made a pur-
chase request during interval t + 1 is predicted as follows:

Let Wt+1 denote the value of W during interval t + 1
determined using Equation 4. First we find the cosine simi-
larity between the different values of W from the purchase
history table:

simj,t+1 =
Wt+1.Wj

|Wt+1| ∗ |Wj | (5)

where “.” denotes the dot product of the two vectors.
The cluster prediction weight rci,t+1 for predicting clus-

ter ci during interval t + 1 is calculated as the sum of sim-
ilarity values associated with cluster ci divided by the size
of (number of buyers in) cluster ci as shown below:

rci,t+1 =

∑
ci

simi,t+1

|ci| (6)

In equations 5 the similarities between the historical and
current values of the W -vectors are determined, and, these
values are used to compute a probability in 6. In accordance
to the CF algorithm, these equations ensure that clusters (at-
tributes) that are similar to each other get assigned a high
probablity value while dissimilar clusters (attributes) get as-
signed a low probability value.

Let Rt+1 represent the normalized vector of the rci-s
during interval t + 1. The predicted cluster for a buyer that
makes a quote request during interval t+1 is then given by:
Predict cluster ci where ci is selected probabilistically ac-
cording to the probability density function given by R t+1.
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Figure 2. Distribution function Gt(pr) gives
the number of buyers willing to purchase the
good at the end of interval t, as a function of
the reservation prices of buyers. pr denotes
the reservation prices of buyers for one prod-
uct attribute.

5. Dynamic Pricing Algorithm

The objective of the dynamic pricing algorithm of a
seller’s pricebot should be to determine the optimum price
pt

ai,S1
for every interval t that maximizes the expression

(pt
ai,S1

− pco)
∫ p

pco
fpr(pt

ai,S1
)dp where,

∫ p

pco
fpr(pt

ai,S1
)dp

represents the number of buyers purchasing during interval
t. The dynamic pricing algorithm described here assumes
that the buyer reservation price distribution fpr follows a
standard distribution whose parameters are unknown and
must be determined by the pricebot. We give an analysis
for a normal distribution with mean µr and standard devi-
ation σr that are estimated by the seller. As before, we use
seller S1 for illustrating our algorithm. The calculations are
shown for attribute ai; similar calculations are done by the
seller for each product attribute.

The values µr and σr must be estimated with reason-
able accuracy so that a seller can determine its profit max-
imizing price. As every buyer has a different value for its
reservation price pr,b, charging a low price to the buyers re-
sults in some buyers getting the good at a bargain price,
thereby reducing the seller’s profits. On the other hand, a
high price might exceed the reservation price for many buy-
ers and once again result in reduced profits to the seller.

As shown in Figure 2, Gt(pr) = 1 − Ft(pr) =∫ ∞
pt

ai,S1

fpr(pt
ai,S1

)dp represents the number of buy-

ers that are still willing to purchase the good when its price
is pt

ai,S1
. The profit obtained from these buyers is then rep-

resented by the area of the rectangle between the current
price pt

ai,S1
, the number of buyers G(pt

ai,S1
) purchas-

ing at that price, and the two axes. The objective of the
pricebot is to determine the price pt+1

ai,S1
for the next inter-
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Figure 3. The pricebot refines its estimate of
µr using the actual and observed values of
the number of customers purchasing at price
pt

ai,S1
.

val so that the area of this rectangle is maximized.
The pricebot starts with an initial estimate for the val-

ues µr and σr and refines its estimate at the end of every
interval as more sales data arrive, as follows:

1. Set the initial assumption of the mean of the normal
distribution of the buyers’ reservation price µr,0 equal
to the market entry price of the seller, i.e., µr,0 =
p0

ai,S1

2. At the end of interval t, determine the actual number
of buyers that purchased during that interval. Let nai,t

denote this number, as shown in Figure 3.

3. Determine the number of buyers that should have pur-
chased at pt

ai,S1
from the pricebot’s approximation of

the distribution of the buyers’ reservation prices ne,t =
Gt(pt

ai,S1
), as shown in Figure 3.

4. Refine µr,t according to the equation µr,t+1 = µr,t −
(pe,t − pt

ai,S1
) where pe,t = G−1

t (na,t), as shown in
Figure 3.

5. Recalculate Gt+1(pt
ai,S1

) with the refined value µr,t+1

and determine pt+1
ai,S1

as the price that yields

max{pt
ai,S1

− pco

σr
× Gt+1(pt

ai,S1
)}

At the end of every interval, the pricebot uses steps 2
through 4 above to refine its estimate of the distribution of
buyers’ reservation prices and to determine pt+1

ai,S1
for the

next interval, as shown in Figure 3. As the pricebot adjusts
the price being charged to buyers at successive intervals,
some buyers cease to purchase as soon as pt

ai,S1
exceeds

their reservation price. Therefore, the value of nai,t keeps
changing. Also, at each successive iteration, the pricebot’s

Figure 4. Profit profile of 5 sellers using dif-
ferent strategies for attribute ’customer sat-
isfaction’.

Figure 5. Price competition between 5 sellers
using different strategies for attribute ’cus-
tomer satisfaction’.

estimation of µr,t is refined. The process converges as µr,t

approaches the actual value of µr.

6. Simulation Results

The parameters used for our simulations were B =
1000, SN = 5 ,ν = 5, and pco = 0.1. The market en-
try price p0

ai,Sj
for a seller for attribute ai was drawn ran-

domly from the uniform distribution U [pco, 1.0]. The price
adjustment interval for sellers was taken as τs = 20 quote
requests from buyers. We selected the number of quote-
requests received from buyers as the unit for measuring
time to equalize differences between sellers with different
response times. fpr was drawn from the normal distribu-
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tion N(0.7, 0.3). fpa was intialized with data from Reseller
Ratings Inc.[20] - a publicly available Website that con-
tains data on consumer responses for purchases made from
various online merchants over different product attributes.
The selected attributes and the initial distribution of buyers
over those attributes were the following: (i) product price
(30.4 percent), (ii) delivery time (29.6 percent) , (iii) cus-
tomer satisfaction (30.4 percent), (iv) techinical support (5.6
percent), and product replacement (after-sales service) (4.8
percent). fpa was varied by randomly selecting an attribute
ak and incrementing fpa(ak) by 10 percent of total num-
ber of buyers (0.1 × 1000). fpa(ai)∀ai �= ak was simulta-
neously decremented uniformly so that the total number of
buyers in the market remained constant. Sellers use the fol-
lowing strategies to update their posted prices:

1. Fixed price seller that charges a constant price.

2. Dynamic pricing algorithm only, without CF based
prediction.

3. Dynamic pricing algorithm and CF based prediction.

Figure 4 shows the profit profile of five sellers that use
different pricing strategies for the product attribute ’cus-
tomer satisfaction’. The corresponding price profile shown
in Figure 5 illustrates that market prices fluctuate consis-
tently due to the competition between sellers. The fixed
price seller ends up with the least profit (about 6 percent
of the total profit in the market) as it can only attract buy-
ers when other sellers under-cut each other while compet-
ing and end up charging a price lower than the fixed price
seller. The two sellers that use the dynamic pricing algo-
rithm only, without CF based prediction to identify buyer
preferences, obtain about 18 percent each of the total profit
in the market. The two sellers using the dynamic pricing al-
gorithm with CF based prediction perform the best in this
setting and each obtains about 29 percent of the total mar-
ket profit. The CF algorithm enables these sellers to rapidly
estimate the changes in the value of fpa and thereby ob-
tain more profits according to Equation 3.

An interesting result was obtained for attributes such as
technical support and product replacement as shown in Fig-
ure 6 : the sellers with CF based prediction were outper-
formed by sellers that did not use the CF algorithm. This
phenomenon can be explained by the fact that the CF algo-
rithm uses similarities among attributes to predict the pre-
ferred attribute. If the buyer’s preferred attribute changes
to a ’similar’ attribute with approximately the same value
in fpa, Wt does not change significantly and the simi-
lar attribute gets predicted with a high probability. How-
ever, if the buyer’s preferred attribute changes to a ’dis-
similar’ attribute that has a siginificantly different value in
fpa, CF predicts the dissimilar attribute with a low probabil-
ity. The attribute gets selected after several iterations during
which the probability associated with the attribute slowly

Figure 6. Profit profile of sellers using differ-
ent strategies for attribute ’product replace-
ment’.

increases. When a customer changes its preferred attribute
from an attribute with a high value in the initial fpa dis-
tribution (e.g.: customer satisfaction) to an attribute with a
low value in the initial distribution (e.g: product replace-
ment), the CF algorithm takes several iterations to update
the probability values and predict the change in the pre-
ferred attribute. This scenario occurs in our simulations be-
cause buyers starting off with preferred attribute as price,
customer satisfaction or delivery time, change their pre-
ferred attribute to product replacement or technical support
due to the random variations simulated in fpa. Therefore,
in these cases, sellers using the CF algorithm are outper-
formed by sellers that are not using it.

7. Related Work

Over the past few years online dynamic pricing has stim-
ulated considerable interest in commercial and research
communities. Increased profits and rapidly clearing inven-
tories resulting from efficient pricing has encouraged the
development of software pricing tools including Azerity[2]
and Live Exchange[18]. Several analytical models have
been developed for dynamic pricing in online economies.
Kephart et al[15, 23] have viewed the price setting problem
as a one-shot game. In these analyses, information about
market parameters such as the distribution of buyer reserva-
tion prices, and competitor’s prices and profits are assumed
to be available with a seller. In contrast, the dynamic pric-
ing algorithm described here uses collaborative filtering to
determine buyer preferences and does not use prior knowl-
edge about market parameters. Brooks et al[6] have applied
neural networks and genetic algorithms to enable a monop-
olist seller learn buyers’ pricing schedule and optimize prof-
its in a monopolist market. In contrast, here, we have mod-
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eled a competitive market where profit dynamics of a seller
are affected by buyer preferences as well as prices and prof-
its of competing sellers.

Exchange of products differentiated on multiple at-
tributes has been studied in an auction setting in[11, 19, 22].
In auction setting buyer preferences are assumed to be sta-
tionary and sellers compete to offer the best bid. Also,
sellers bid sequentially and the objective of a seller is to de-
termine an optimum bid while observing the bids that
arrive before it. In our model, sellers make their prices ad-
justments completely asynchronously. Our algorithm does
not involve any ordering of price adjustments between sell-
ers and can operate successfully without relying on com-
petitors’ price or profit information.

8. Conclusions and Future Work

The collaborative filtering algorithm described in this pa-
per is our first attempt at enabling online sellers to deter-
mine buyer preferences over multiple product attributes and
update the posted product prices efficiently in a competi-
tive market. We are currently investigating more powerful
learning techniques such as Q-learning and multi-objective
evolutionary algorithms (MOEA) as a mechanism to enable
sellers search the profit landscape more efficiently. Imple-
menting complex techniques involve a tradeoff between ra-
pidity and accuracy of the learning algorithm and we sus-
pect that a naive, but fast learning technique might ulti-
mately compare favorably against a complex and accurate,
but slow learning mechanism in a dynamic environment like
a competitive online market.

An interesting scenario emerges when buyers’ purchase
preferences are dependent on the prices being charged by
sellers in the market. In such a scenario, a seller can at-
tempt not only to learn the temporally varying buyers’ pur-
chase preference distribution but also the function that de-
termines the variation in that distribution. Probabilistic al-
gorithms such as Hidden Markov Models and moving target
functions that estimate the dependence between temporally
varying functions could be possibly applied in such an envi-
ronment. Although dynamic pricing has been tested by on-
line sellers it is yet to be adopted widely in e-commerce. We
envisage that the directions described in this paper will en-
courage techniques and mechanisms for making online dy-
namic pricing an enabling technology for e-commerce in
the future.
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