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Abstract

We describe two sales strategies used by our agent, Min-
neTAC, for the 2003 Supply Chain Management Trading
Agent Competition (TAC SCM). Both strategies estimate, as
the game progresses, the probability of receiving a customer
order for different prices and compute the expected profit.
We empirically analyze the effect of the discount given by
suppliers on orders made the first day of the game, and show
that in high-demand games there is a strong correlation be-
tween the performance of an agent in the game and the of-
fers it receives from suppliers the first day of the game.

1. MinneTAC Sales Strategies

In TAC SCM [6] six autonomous agents compete to
maximize profits in a computer-assembly scenario. Agents
earn money by selling computers they assemble out of parts
purchased from suppliers. The agent with the highest bank
balance at the end of the game wins. To obtain parts, an
agent must send a request for quotes (RFQ) to an appro-
priate supplier. Suppliers respond either by specifying the
price for the supplies, or, if they cannot satisfy the request
in full, by giving a partial offer with a revised quantity and
price, or the earliest date the request can be satisfied in full.
Every day each agent receives a set of RFQs from customers
requesting to buy computers. Customers accept the lowest
bid which is at or below their reserve price.

Prior to the competition, we analyzed the game and de-
termined that the factor more likely to limit the production
of PCs on any day is lack of supplies. Hence, we decided to
use a supply-driven sales strategy. We developed two vari-
ants, that we call MaxEProfit and DemandDriven [4]. In
both strategies, each day the agent determines the offer price
for each RFQ and sorts its offers by decreasing profit mar-
gin, where ProfitMargin = (price − cost)/price . To de-
termine how many offers to make, the agent considers its
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uncommitted finished goods inventory. For each offer it re-
serves a fraction of computers of that type according to the
estimated probability of receiving an order P(order).

MaxEProfit determines the offer price to maximize its
expected profit margin from each order, with the constraint
that the price has to be greater or equal a target price for the
product. The target price is updated during the game to re-
flect current market prices for each computer type. Since
P(order) is estimated from many parameters, often there
are not enough data until very well into the game for the es-
timates to be accurate. This observation lead us to design
the DemandDriven strategy.

DemandDriven sets a target probability for receiving
an order, TargetProb, and determines the offer price ac-
cordingly, using the reverse cumulative density function
of P(order). The objective is to sell out the inventory by
the end of the game. The strategy starts out by comput-
ing P(order) from past data. The probabilities don’t change
through the game, but the entire curve is shifted when there
is a mismatch between the orders accepted and TargetProb.
If more orders are accepted than expected, the prices are in-
creased, if fewer are accepted prices are decreased.

In Figure 1 we show the market reports for computers of
type 4 during two different games and the prices predicted
using MaxEProfit and using DemandDriven. The top two
figures are for a high-demand game, the last one for a low-
demand. We can observe how the predicted prices match
actual product prices. In a low-demand situation, the com-
petition is very high and therefore the prices are lower.

2. Analysis of Start-Effect

We analyzed many games to see how the large dis-
count given by suppliers on orders made the first day,
coupled with the random sequence in which agent RFQs
are considered, affects the outcome of the game. We de-
veloped a measure, called delay measure (DM), which
measures for each agent the delay in receiving the com-
ponents ordered the first day weighted by the order to-

tal value: DM =

∑
#RF Qs

i=1
V alue(RFQi)×DueDate(Offeri)∑

#RF Qs

i=1
V alue(RFQi)

where Value(RFQi ) is computed using the components



base price, and DueDate is the due date of the offer. We ap-
plied the measure to games played at the 2003 ICEC (Pitts-
burgh, Oct. 03). In high-demand games we calculated a cor-
relation coefficient of 0.5381 between bank status and the
amount ordered on the first day, and of -.03456 between
bank status and DM. In low-demand games the correlation
coefficient between bank status and amount ordered on the
first day was -0.3242, between bank status and DM was
0.3904. This indicates that agents who did not order many
parts did better in low-demand games.

3. Related Work and Conclusions

Nearly all agents in last year’s competition used some
way of modeling the probability of receiving an order. Bot-
ticelli [1] uses a linear cumulative density function (CDF)
to determine the relationship between offer price and order
probability. We use a reverse CDF and take other factors
into account, such as quantity and due date. TacTex [5] uses
the lowest and highest offer price, which are provided for
each product every day by the game server, and determines
the probability of an order by linear interpolation. RedA-
gent [3], uses an internal marketplace structure with com-
peting bidders to set offer prices. PackaTAC [2] lets other
agents set the price and tries to follow.

Since we estimated the bottleneck was going to be in the
supply and not in the production, we did not worry, as other
teams [1, 5], about optimizing the production of our agent.
Both MinneTAC’s sales strategies were competitive in high-
demand games, but often sold larger quantities at lower mar-
gins compared to other agents. DemandDriven performed
better in low-demand games, but was unable to compensate
for the large number of parts ordered early in the game un-
der the assumption of a supplier capacity bottleneck.
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Figure 1. Timelime in a high and low-demand
game. Circles indicate average offer prices
the agent made and crosses average order
prices received.


