
ANALYZING MARKET INTERACTIONS IN A MULTI-AGENT SUPPLY 
CHAIN ENVIRONMENT 

William Groves1, John Collins1, Wolfgang Ketter2, Maria Gini1 

 

1Department of Computer Science and Engineering 
University of Minnesota, USA 

{groves, jcollins, gini}@cs.umn.edu 
 
 

2Rotterdam School of Management 
Erasmus University, Netherlands 

wketter@rsm.nl 

Abstract 

Enterprises continuously seek decision support tools that can help automate and codify business 
decisions. This is particularly true in the business of consumer electronics manufacturing where 
components are often interchangeable and several manufacturers can supply the same component 
over the life of a product. In this kind of dynamic environment, businesses are faced with the 
choice of signing long-term (possibly quite risky) contracts or of waiting to procure necessary 
components on the spot market (where availability may be uncertain). Having analytical tools to 
analyze previous and forecast future market conditions is invaluable. We analyze a supply chain 
scenario from an economic perspective that involves both component procurement and sales 
uncertainties. The data we analyze comes from a multi-agent supply chain management simulation 
environment (TAC SCM) which simulates a one-year product life-cycle. The availability of 
simulation logs allows us access to a rich set of data which includes the requests and actions 
taken by all participants in the market. This rich informational access enables us to calculate 
supply and demand curves, examine market efficiency, and see how specific strategic behaviors of 
the competing agents are reflected in market dynamics.  

Keywords:  decision support, supply chain management, economic simulation, market forecasting,  
agent-mediated electronic commerce 

1. Introduction 

The expectations of agile business and the push toward more closely coupled processes, both within and 
across organizations, has generated a need for greater sophistication in managing an enterprise's supply 
chain. Providing operational guidance and formulating business strategies in an automated way is a 
natural extension of the push toward greater sophistication in business operations. While many business 
transactions in supply chains are regulated by combinations of overlapping and binding long-term 
contracts, it is useful to have procurement and sales strategies that can anticipate and accommodate 
changes in the underlying market conditions. Unfortunately, development and testing of such strategies 
can be risky in real-world markets, making it impossible to do the rigorous experiments needed to 
develop detailed understanding of the interactions between new strategies and market dynamics. 

We use a competitive economic environment designed for autonomous trading agents to study market 
dynamics and their responses to actions of the participants.  The Trading Agent Competition for Supply 
Chain Management (Collins et al. 2006) simulates a one-year product life-cycle in a three-tier supply 
chain, including parts suppliers, end customers, and a set of competing manufacturing agents. They must 
purchase parts in a competitive procurement market, manufacture finished goods, and sell them in a 
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competitive sales market. A schematic overview of TAC SCM is shown in Figure 1. This kind of market 
scenario is common to many fast moving electronic goods markets, such as Dell1. 

One objective in this study is to gain a detailed understanding of the dynamics of both the procurement 
and sales markets in the final round of the seventh-annual TAC SCM competition, held in July 2009. The 
phenomena we observe emerge from the interactions among the competing agents—they are not inherent 
in the design of the game. Understanding these phenomena can help us design better decision processes 
for both autonomous agents and for human-centered decision support systems. 

The paper is organized as follows. After a survey of related literature, section 3 introduces the agents that 
participated in the 2009 finals, provides a brief statistical overview of the outcome.  Section 4 explores 
agent strategies for procurement and inventory management, and their effects on the component market.  
Section 5 examines supply and demand patterns in the customer market, and shows how the oligopoly 
nature of the market allows agents to manipulate prices. Finally, we conclude with a few thoughts on 
where these visualizations and strategies could be directly applied to improve real-world business 
decision making. 

2. Related Work 

 

Figure 1.  This graphic provides an overview of the TAC SCM simulation. The TAC SCM game has six  
competing manufacturing agents who buy parts in the “Supply” market (bottom) and sell finished goods in the 

“Customer” market (top). A customer sends an individual request (RFQ) to all manufacturers for specific 
computer configuration, quantity, maximum price, and due date. Each manufacturer can respond to the 

request with an offer stating its selling price for that configuration. The lowest price offer will receive an order 
for that computer from the customer. The product is then shipped on the specified due date. The supplier 

market functions similarly, and is driven by requests (RFQs) for parts sent by agents.  An agent can send a 
parts request (RFQ) to a supplier for a specific part type, quantity, maximum price, and delivery date. A 

supplier will send an offer in response to agent RFQ indicating the actual price and quantity available for the 
request. The agent can decide to accept the offer with an order message. 

We consider techniques from both business literature as well as from the TAC SCM community. Previous 
work on economic analysis to enable business decision making and efforts to visualize economic 
processes are quite relevant to this work. 

                                                      
1  Dell Computer Corporation, with its direct sales model, was an inspiration for the design of TAC 
SCM. 
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Authors from HP Labs offer practical insights into how a large enterprise like Hewlett-Packard mitigates 
procurement risk in (Nagali et al. 2008). The authors outline a three layered approach to procuring flash 
memory for use in printers involving low-price, large quantity contracts, medium price variable quantity 
contracts, and spot market procurement.  Literature on trading agents in continuous double auctions 
markets provides inspiration on visualizing supply and demand in an auction clearing house scenario 
(Cliff 1997). In (Ketter 2009), the authors present an approach to identify current and predicted future 
market conditions, such as scarcity or oversupply, called economic regimes. They show a dynamic 
graphical presentation of the economic regimes, which can be used by managers to improve decision-
making in the overall supply chain. 

Not all assistive business technologies are graphical in nature. For instance, the authors of (Raykhel 2009) 
describe an automated data mining program for price prediction of commodity laptops on the consumer 
auction site, eBay. The authors envision the price output as a means of determining which products are 
undervalued and could therefore be resold at a profit. Their algorithm vastly increases the speed of what 
was previously a manual filtering and prediction process. Another example of an assistive prediction 
mechanism is described in (Etzioni 2003) where a price prediction algorithm is used to assist users in 
determining the best time to buy airline tickets based on historical price trends. 

Various works in the literature provide methods of computing price predictions for real-world markets 
including electricity (Contreras 2003; Nogales 2002), currencies (Barbosa 2008), and commodities 
(Kohzadi 1996) using machine learning algorithms. The price predictions that come out of these 
algorithms can then be used for many business purposes including speculation or hedging. 

Even when we have almost complete observability of market behaviors, it is non-trivial to determine what 
performance measures are useful to employ when attempting to improve agent performance. Various 
performance measures (Benisch 2006; Kovalchuk 2008; Wellman 2003) related to bidding performance 
have been introduced in the TAC SCM literature. 

The critical difference between our work and previous work in TAC SCM, is that we approach many of 
the phenomena discussed from a business purpose basis, not simply from the approach of the TAC SCM 
competition. Insights presented here could be used to support the development of human-augmented TAC 
SCM agents or be applied to real business domains. 

3. High-level Analysis of the 2009 TAC SCM Finals 

While a complete description of the TAC SCM scenario is beyond the scope of this paper, there are 
several  key economic and technical aspects of the simulation that are important for this analysis. First, 
each of the (up to 6) competing manufacturer agents experience the same market environment in both the 
component procurement as well as computer sales markets. The agents cannot communicate with each 
other. Also, agents can only communicate with customers and suppliers using explicit market requests. 
The competition has been repeated for several years and the rules have been changed to negate the 
effectiveness of strategies that exploit technical weaknesses. For example, a buyer reputation mechanism 
was introduced in the procurement market to prevent overt price manipulation. 

Data collected from the trading agent competition provides a unique opportunity to study markets. There 
are three aspects of the game which make analysis particularly fruitful in this domain. First, the 
simulation server collects and logs its own internal state along with all its interactions with the competing 
agents, giving us the ability to observe detailed actions of all market participants once a simulation is 
complete. Second, the scenario has a well-defined stochastic set of inputs which generate the supply and 
demand profile of the game. Finally, because the final round of the competition includes a number of 
individual games, we have an opportunity to observe the same oligopoly of agents operating under 
significantly different market conditions (levels of supply and demand, balance between procurement 
market and sales market, etc.). 
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Due to the complexity of behaviors enabled by the simulation, only a small selection can be addressed in 
this paper.  In the next sections, we present examples of several strategic market behaviors and show how 
these behaviors can be visualized.  But first, we give an overview of the 2009 competition, because it 
serves to introduce the two top agents, and because it shows that top performance in the competition can 
be approached by at least two very distinct strategies. 

The final 18-game round of the 2009 TAC SCM tournament was run on 14 July 2009. Finalists, their 
institutions and final scores are given in Table 1 For most of the detailed analyses in this paper, we will be 
primarily interested in the behavior and performance of the two top agents, DeepMaize and TacTex. The 
Mean Score column is the bank balance at the end of the simulation, averaged over the 18 games in the 
final round. 

Table 1. Participants in the final round of the 2009 TAC SCM tournament. 

Agent Institution Mean Score (in $’000,000s) 
DeepMaize University of Michigan 4.605 
TacTex University of Texas 4.269 
MinneTAC University of Minnesota -0.192 
Botticelli Brown University -0.819 
CMieux Carnegie-Mellon University -2.025 
CrocodileAgent University of Zagreb -7.788 

 

The two top agents are virtually tied, but the similarity in overall score hides large differences in detailed 
behavior. DeepMaize did well by selling relatively small numbers of finished products, while TacTex did 
well by selling larger numbers of finished products.  Table 2 shows the results for DeepMaize and TacTex 
over a range of summary statistics, along with the p-value for the paired-means t-test for each of them. 

Table 2. Aggregate performance measures for the two top agents in the 2009 final round. 

Measure DeepMaize TacTex ratio p-value 
Score (millions) 4.606 4.270 --- 0.547 
Total Revenue (millions) 83.22 110.9 0.750 0.000 
Selling Price (normalized) 0.778 0.788 0.988 0.010 
Total material cost (millions) 75.78 103.2 0.735 0.000 
Unit cost (normalized) 0.710 0.720 0.986 0.000 
Interest cost (millions) 0.2627 0.5380 0.472 0.000 
Storage Cost (millions) 1.158 2.411 0.486 0.000 
Factory utilization 0.662 0.880 0.751 0.000 

 

We can see from Table 2 that while the difference in overall scores is statistically insignificant, the 
differences in all the other interesting measures is quite significant.2 In this table, selling price and 
material cost is “normalized” to the nominal cost of the components. Prices in the procurement market are 
discounted from the nominal cost according to the ratio of suppliers' uncommitted capacity to total 

                                                      
2  As is evident from the p-values. A p-value greater than 0.05 indicates that the difference between the 
values measured is not statistically significant (with 95% confidence). 
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capacity over the interval between the order date and the committed delivery date. A few of these 
measures stand out: 

First, TacTex had higher selling prices than DeepMaize, not lower prices as one might expect by 
the difference in sales volume. 

Second, the largest difference between these agents was in interest and storage costs. This reflects 
the fact that TacTex on average carried much larger inventories than DeepMaize, which it used 
effectively to raise its market share during periods of high demand and high prices. 

Third, neither agent was constrained on average by factory capacity. 

We now turn to two aggregate observations of agent behavior that will illustrate some of these differences 
more clearly.  

3.1 Daily Profit and Loss 

The number of actions that a competitive manufacturer undertakes to achieve good performance results in 
a stream of events that are difficult to analyze individually. To address this we can aggregate measures, 
such as daily profit and loss, shown in Figure 2, to see if there may be areas of particular interest for 
further analysis. 

 
Figure 2.  Smoothed daily agent profit and loss for game tac02-#2069. All agents have strongly 
negative daily profit early in the game due to the simultaneous, acute need to begin production. In 
this instance, TacTex, who invested the most early in the game, had the highest total profit. 

 

We can discover when agents spend the most money and make the most profit. Several conclusions can 
be drawn from this: the strongest agents (the agents that win most frequently) tend to invest more money 
at the beginning than the weaker agents, and the strongest agents tend to achieve profitability earlier than 
their opponents. In this game, we discover that TacTex took significant losses around day 80, and 
unusually high daily profits around day 150. We can also see that DeepMaize was profitable early and 
was more consistently profitable late in the game. 

Because each run of the game approximates a one-year product lifecycle beginning with no initial 
inventory, the TAC SCM environment can be useful for studying strategies at all phases of the product 
lifecycle from introduction to decline. Also, the game is repeatable, so market conditions of different runs 
can be quantified and the effect of market environment on strategy can be analyzed. 
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3.2 Significant Inventory Build-up 

If an agent can predict significant profit opportunities ahead, it may decide to build inventory in 
preparation for an aggressive selling period.  Figure 3 shows an example: a steady increase in demand 
over time and a concurrent inventory buildup for agent TacTex, starting around day 80. The agent is able 
to increase its profit by reducing sales until the sales price peaks around day 130. “Playing the market” in 
this way by intentionally reducing sales velocity as prices are rising serves to increase this agent's overall 
profit margin. 

 
Figure 3.  Component Inventory, Supply Velocity, and Sales Velocity for agent TacTex for 
component 111 for selected dates of game tac02-#2069. As product demand increases up (becomes 
more negative), the agent reduces sales velocity while simultaneously increasing procurement 
velocity.  When the demand exceeds some threshold, the agent increases sales velocity just as the 
per-unit price peaks. 

4. Component Market Strategic Behaviors 

The TAC SCM component market includes eight suppliers, each of which carries two product lines. Each 
supplier produces its products on a make-to-order basis, and the capacity of each supplier production line 
varies from day to day using a mean-reverting random walk. To build a finished product, an agent needs 
one each of four different component types: a CPU, a motherboard, a disk drive, and a memory card. 
Agents may request price quotes from suppliers, specifying quantity, delivery date, and reserve price. 
Quoted prices are based on the ratio of total demand to the supplier's total capacity between the current 
date and the requested delivery date. 

The procurement market generally yields lower prices for longer lead-times, but at times of oversupply, 
prices can be lower for very short-term requests. Order lead-times can extend to the end of the game, 
which is 220 days at the beginning of a game. The longest lead-time in the customer market is 12 days, 
and supplier prices tend to peak in the range of 8-15 days lead-time. If components arrive before they can 
be used in production, the agent must pay to store them. Supplier orders require a 10% down-payment, 
and so the cost of funds can be a significant factor for long lead-time orders. 

4.1 Long Term and Short Term Procurement Mixture 

To reliably make a profit in the wide range of possible market demand levels and market supply 
capacities, it is important to balance long-term and spot market procurement. Normally, long term prices 
are lower than short term prices, even when down payment and storage costs are factored in, as we show 
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in Section 4.2. But long term contracts are risky for two reasons: 1) long term prices are highly dependent 
on the actions of the other market players, and 2) long term contracts allow agents to significantly over-
commit relative to the actual future demand.  Figure 4 shows how the procurement mixture has varied in 
the top performing agents over time.3 

 
Figure 4.  Variation in the mean mixtures of long term, medium term, and short term procurement 
for the top 3 agents in the TAC SCM tournament. Error bars show first standard deviation. 

 

Clearly, the proportion of long-term procurement has increased steadily as competition has stiffened and 
agents have become more sophisticated.  We suggest that the increase in long term procurement is a 
consequence rather than a cause of good agent performance in this market. Indeed, there are instances of 
weak agents badly over-committing in with long-term contracts, resulting in poor overall performance. 
This statistic has been determined by the actions of development teams working to improve their 
performance in the competition.  It is also possible to arrive at an optimal mixture for other markets.  
(Nagali 2008) balance long-term, medium-term, and spot market procurement needs of the production of 
consumer printers at Hewlett Packard. It is likely that the same approach could be applied to other fast 
moving electronic goods markets. The next subsections will address how additional profit can be obtained 
by operating in the spot market. 

4.2 Capitalize on low short-term prices 

The general price trend in the procurement market is for high short-term prices with price decreasing as 
lead time increases. This general trend shown as “normal” in Figure 5 is almost universal at the beginning 
of the game. However, there are periods where the price trend is “inverted,” where the short-term price is 
below the long-term price. These inversions occur when a supplier has made significant long-term sales to 
manufacturers with large lead times and has also had an unexpected increase in its manufacturing 
capacity. The supplier has a relatively low committed capacity to available capacity ratio, so it uses 
reduced offer prices to entice manufacturers to commit to additional short-term requests. 

                                                      
3  For classification, a short term event is defined as a procurement order with a lead time of less than 
10 days. Long term is defined as a procurement initiated within the first 10 days having lead time greater 
than or equal to 10. Medium term is for the remaining unclassified requests. 
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Figure 5.  Set of common price vs. lead time relationships for individual components. 

 

Agents must make requests in order to observe prices and maintain their pricing models in the component 
market.  They typically use “price probes”4 and time procurement actions to ensure maximal 
observability of price curves. In the next section we will see how price probing can be repurposed to 
capture unusually low prices. 

                                                     

4.3 Opportunistic Procurement 

 
Figure 6.  Opportunistic procurement events plotted in proportion to agent's price estimate. The 1.0 
value on the y-axis represents the mean of the price prediction model for the current day. 

 
4  Price probes are requests to suppliers for zero quantity (i.e. a price query). 
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Opportunistic procurement occurs when an agent is able to buy a particular part significantly below the 
predicted price. These opportunities occur infrequently, due to short-term variations in supplier capacity, 
and often vanish in the next bidding cycle. MinneTAC takes advantage of this situation by consistently 
making low quantity requests at a low reserve price (perhaps 20% or more below the predicted price). 

In Figure 6, we see prices for a single component type normalized to MinneTAC's mean price estimate. 
When the agent is not very interested in acquiring additional stock, it makes requests at a very low reserve 
price, and usually is unsuccessful as we see by the price quotes labeled “unsuccessful opportunistic proc. 
events.” However, it sometimes gets very low prices, which it can then exploit in the customer market. 

Sales and procurement decisions are tightly intertwined. For example, sales must account for the cost of 
parts, and procurement must set reserve prices based on expected sales prices.  Due to the normal 
fluctuations in the market, there are situations where the estimates of price (and thus profitability) are 
incorrect.  If a component is 20% cheaper than predicted, it is very likely to be profitable. Buying at such 
a low price will offset the need for short term procurement later, serve to update the price prediction 
model, and may increase the sales velocity because the agent will now have a lower cost basis. 

5. Customer Market Strategic Behaviors 

The TAC SCM customer market is a reverse sealed-bid auction market. Each simulated day, customers 
issue requests for quotes (RFQs) for the products they wish to buy, specifying model, quantity, delivery 
date, and maximum (reserve) price. The market trades in 16 product types, segmented into high-end, 
medium, and low-end products. Customer demand varies from day to day independently in each of the 
market segments, controlled by a trend value that changes daily using a bounded random walk.  

Supply is generated by an oligopoly of six manufacturing agents. Each agent must decide whether to bid 
on each customer request and at what price. Customers collect all valid bids from agents, and choose the 
bids with the lowest prices. Figure 7 shows a qualitative view of the supply and demand behavior of one 
segment of the customer market. The shape of the demand curve is controlled by the current overall 
demand, and by the distribution of reserve prices in customer RFQs. The demanded quantity does not 
increase as prices fall below of 0.75 because customer RFQs have reserve prices uniformly distributed 
between 0.75 and 1.25 of nominal. The shape of the supply curve is constrained at the high-quantity end 
by the inventory status and aggregate production capacities of the competing agents, and at the low-price 
end by the minimum cost of components. The supply price can go below 0.5 when agents decide to sell 
parts for below cost; this can occur when agents are trying to get dump unsold inventory near the end of 
the simulation.  The detailed shape of the supply curve is a function of the combined bidding strategies of 
the competing agents. It is not directly observable within a game, but can be deduced through post-game 
examination of data as we shall see below. 

 
Figure 7.  Qualitative graph of supply and demand in the sales market. 
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5.1 Visualizing Supply and Demand 

We have a qualitative notion of what supply and demand curves should look like in the customer market, 
but the reality is somewhat surprising.  It appears that many agents quote a single price for each product 
(regardless of RFQ parameters such as quantity, lead time). The only limiting factor appears to be reserve 
price.  This tends to lead to an all-or-nothing result of the auction where a single agent usually wins all of 
the demand for a single product on a given day. The result is that the supply curve is often completely 
flat, as we see in the second graph in Figure 8 (right).  

 
Figure 8.  Customer market supply and demand for product #8 on day 9 (left) and day 18 (right) of 
game tac02-2069. The demand line corresponds to the total market demand for that day, sorted by 
decreasing reserve price. The dotted lines correspond to the offers made by each manufacturer and 
the height of the line indicates the offer price. The agent with the lowest offer price for a given 
demand request will receive the order from the customer. 

 

Early in the competition, raw materials are scarce and expensive, so the limiting factor is reserve price. 
Figure 8 (left) shows just such a situation early in the game when agents are only bidding on the portion 
of demand that exceeds some threshold. Because each agent's cost basis, procurement schedule, and risk 
aggressiveness are different, each agent is likely to bid a different price for each request.  Figure 8 (right) 
highlights a common situation when manufacturers bid fixed prices on all demand.  In this situation, one 
agent receives all contracts for a given product on a given day, and the second lowest price agent loses the 
bidding round by just a few dollars.  This is normally an undesirable situation, because an agent rarely has 
the capacity to serve 100% of the market for any product.  Some agents, among them MinneTAC, 
randomize offer prices slightly in an attempt to achieve more consistent sales volume. 

5.2 Price Manipulation 

The TAC SCM customer market is an oligopoly, and agents that act as price-takers often miss significant 
profit opportunities that might result from manipulating prices.  In Figure 9, we can see cases where 
agents are clearly attempting to drive prices either down (DeepMaize between days 80 and 100) or up 
(TacTex around day 130). The effect can be seen in the daily profitability shown in Figure 2.  This graph 
shows how daily bid prices differ from the mean winning price on the previous day. 
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Figure 9.  Bidding price trends of the top 3 agents for product 8 in game tac02-#2069. Each point 
along an agent's series denotes an instance when the agent placed a winning bid. The y-axis value 
denotes the difference between the agent's bid price and yesterday's mean winning bid price. 

6. Conclusions and Future Work 

When automating business processes, designers should be concerned with how agents respond to 
particular situations where the standard conceptions of the market are violated. We have identified several 
common situations where the normal economic paradigm of supply and demand cannot be relied upon. 

These analyses help to elucidate general economic behaviors that are not always intuitive given 
knowledge of the basic market mechanisms. In hindsight, many of these behaviors seem obvious, but 
only through careful analysis can these behaviors be seen and their effectiveness determined. 

The evolution of the TAC SCM scenario resembles the evolution of real markets in several ways. First, 
the market behaviors and performance have changed with time.  Year after year, the overall market's 
reliance on long term procurement has increased.  Concurrently, the profit margin (both per unit and in 
absolute terms) has decreased. There are even games for which all agents cease to make a profit. 
Manufacturers often need to make long-term investment decisions that include exposure to risk due to 
uncertainties in eventual product demand. These characteristics are seen in many real world markets from 
service industries such as airlines and restaurants, to manufactured goods such as consumer electronics 
and automobiles. Only through careful analysis can these risks be understood and mitigated. 

We believe that TAC SCM is a particularly useful environment for studying supply chains for several 
reasons. First, the actions available to agents are similar to the contractual agreements that can be made in 
real supply chains. While more complex communication and coordination mechanisms are seen in real 
supply chains, the action set here represents the minimum set available in most markets. Second, pricing 
advantages found by making procurement commitments far in advance are too compelling to ignore 
despite the fact that product demand at the time of delivery is uncertain. How agents address the risk of 
engaging in long lead time requests is a critical issue that must be addressed in an optimized supply chain. 
This is not to say that businesses should not engage in such risk, but the risk of committing to supply far 
in advance of demand must be carefully considered.  

8th Workshop on eBusiness, Phoenix 2009 



We leave many areas to be explored in future work, but this work could be readily extended in several 
ways. First, many of the visualizations were generated with the benefit of the enhanced observations only 
available after a game. It would be useful to generate many of these from the limited perspective of an on-
line agent.  Additionally, there has long been interest in human-augmented agents that could trade in the 
TAC SCM competition. The complexity and speed of the decisions required to act rationally in this space 
are considerable. Analytical tools such as those presented here would be invaluable in aiding a human to 
act quickly enough in this environment.  
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