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The problem of how to design personal, intelligent agents
for e-commerce applications is a subject of increasing in-
terest from both the academic and industrial research com-
munities. In our research, we consider the agent environ-
ment as an open marketplace which is populated with eco-
nomic agents (buyers and sellers), freely entering or leaving
the market. The problem we are addressing is how best to
model the electronic marketplace, and what kinds of learn-
ing strategies should be provided, in order to improve the
performance of buyers and sellers in electronic exchanges.

Our strategy is to introduce a reputation-oriented rein-
forcement learning algorithm for buyers and sellers. We take
into account the fact that multiple sellers may offer the same
good with different qualities. In our approach, buyers learn
to maximize their expected value of goods and to avoid the
risk of purchasing low quality goods by dynamically main-
taining sets of reputable sellers. Sellers learn to maximize
their expected profits by adjusting product prices and by op-
tionally altering the quality of their goods.

In our buying algorithm, a buyer b uses an expected value
function f b, where f b(g, p, s) represents buyer b’s expected
value of buying good g at price p from seller s. Buyer b
maintains reputation ratings for sellers, and chooses among
its set of reputable sellers Sb

r a seller ŝ that offers good g at
price p with maximum expected value. After paying seller
ŝ and receiving good g, buyer b can examine the quality q
of g. It then calculates the true value vb(p, q) of good g.
The expected value function f b is incrementally learned in a
reinforcement learning framework:

fb(g, p, ŝ) ← fb(g, p, ŝ) + α(vb(p, q) − fb(g, p, ŝ))

where α is called the learning rate (0 ≤ α ≤ 1). The repu-
tation rating of ŝ is then updated based on whether or not the
true value of good g is greater than or equal to the desired
value. The set of reputable sellers Sb

r is also re-calculated
based on the updated reputation rating of ŝ.

In our selling algorithm, seller s tries to sell good g to
buyer b to maximize its expected profit hs, where hs(g, p, b)
represents the expected profit for seller s if it sells good g at
price p to buyer b. The expected profit function hs is learned
incrementally using reinforcement learning:

hs(g, p, b) ← hs(g, p, b) + α(Profits(g, p, b) − hs(g, p, b))
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where Profits(g, p, b) is the actual profit of seller s when it
sells good g at price p to buyer b. Profits(g, p, b) is defined
as follows:

Profits(g, p, b) =

{
p − cs(g, b) if s is able to sell g to b,
0 otherwise.

where cs(g, b) is the cost of seller s to produce good g for
buyer b. Our selling algorithm also allows sellers to alter the
quality of their goods, depending on the success of previous
sales with buyers.

The work of (Vidal & Durfee 1996) on modeling buying
and selling agents in an information economy motivates our
work. Instead of focusing on having agents maintain recur-
sive models of other agents, we believe that reputation is an
important factor for buyers to exploit, and that it is impor-
tant to allow for sellers to alter the quality of their goods to
satisfy buyers’ needs.

We feel that our approach should lead to improved satis-
faction for buyers and sellers, since buyers should be less at
risk of receiving low quality goods when maintaining sets of
reputable sellers, and sellers are allowed to adjust both price
and quality to meet buyers’ needs. In addition, it should
lead to improved performance for buyers (in terms of com-
putational cost), since buyers are focusing on the subset of
reputable sellers.

For future work, we plan to conduct some experimenta-
tion to measure the value of our model. Our plan is to com-
pare the proposed algorithm with a simplified version where
buyers do not use a reputation mechanism and sellers do not
consider altering the quality of their products.

Other extensions of the model that we are considering ex-
ploring are: (i) sellers not tracking individual buyers’ be-
haviour; (ii) sellers dividing buyers into groups and tracking
groups of buyers’ behaviour; and (iii) allowing buyers to re-
ceive advice from other buyers in their neighbourhoods.

Our work aims to demonstrate that reputation mecha-
nisms can be used in combination with reinforcement learn-
ing to design intelligent learning agents that participate in
market environments. We also hope to provide some gen-
eral guidelines for AI-systems designers in building effec-
tive economic agents.
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