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Abstract

We present methods for an autonomous agent
to identify dominant market conditions, such as
over-supply or scarcity, and to predict market
changes. The characteristics of economic regimes
are learned from historic data and used, together
with real-time observable information, to identify
the current market regime and to forecast market
changes. We use a Gaussian Mixture Model to rep-
resent the probabilities of market prices. By clus-
tering these probabilities we identify different eco-
nomic regimes. We show that the regimes so identi-
fied have properties that represent different prevail-
ing market conditions. We then present preliminary
work on methods to predict future regime transi-
tions. A trading agent can use these predictions to
make operational and strategic decisions regarding
pricing, raw material acquisition, and production.
We validate our method by presenting experimental
results obtained with data from the Trading Agent
Competition for Supply Chain Management.

1 Introduction
Electronic marketplaces are gaining popularity among pro-
ducers seeking to streamline their supply chains and con-
sumers looking for opportunities. Intelligent software agents
can significantly facilitate human decision processes either by
helping users to select strategies or by making autonomous
choices that are consistent with the human decision maker’s
preferences. Regardless of the application, agents need meth-
ods for making autonomous decisions under uncertain and
dynamic market conditions.

The Supply-Chain Management Trading Agent Competi-
tion [Sadehet al., 2003] (TAC SCM) involves a Supply Chain
Management scenario in which in each round six autonomous
agents attempt to maximize profit by selling personal com-
puters they assemble from parts they buy from suppliers. The
agent with the highest bank balance at the end of the game
wins. An agent has to make many decisions, such as how
many parts to buy, when to get them delivered, what types
of computers to build, when to sell them, and at what price.
Availability of parts and demand for computers varies ran-
domly through the game and across three market segments

(low, medium, and high computer price). The market seg-
ments are affected not only by random variations in supply
and demand, but also by the actions of the other agents. The
small number of agents and their ability to adapt, to change
strategy during the game, and to manipulate the market makes
the game highly dynamic and uncertain.

The problem we address in this paper is how market con-
ditions, such as oversupply or scarcity, can be detected and
exploited by an autonomous agent. The long term objective
of our work is to show how knowledge of current and antic-
ipated market conditions can enable an agent to make better
operational and strategic decisions, such as how many parts
to order, how to schedule production, and how to price its
products. While this type of prediction about the economic
environment is commonly used at the macro economic level,
such predictions are rarely done for a micro economic envi-
ronment.

We first introduce methods to identify distinguishable eco-
nomic conditions, which we callregimes, such as over-supply
or scarcity of products. This is accomplished using historical
data from previous games and real-time data available dur-
ing the game. We then present preliminary ideas on how to
forecast regime transitions. A short review of related work
concludes the paper.

2 Economic Regime Identification
We believe that market conditions can be characterized by
statistical patterns, and that such patterns can be learnedoff-
line from historical data. We call those distinguishable market
conditionsregimes. Since supply and demand in TAC SCM
change in each of the market segments independently of the
other segments, we will limit our considerations to a market
segment, and assume the same methods are applicable to each
market segment.

To give an intuition of how prices for the same type of com-
puter change during the game, we show in Figure 1 the prob-
ability of receiving an order for a given offer price for com-
puters of type 1 during one of the games played in the finals
of TAC SCM 2004. We can see how the slope of the curve
and its position change over time. According to economic
theory high prices and a steep slope correspond to a situation
of scarcity, where price elasticity is small, while a less steep
slope corresponds to a balanced market where the range of
prices is larger.
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Figure 1: Game 1189@tac4 (Final TAC SCM 04) – Proba-
bility of order for computer type 1 by offer price. The plot
shows the curves every 20 days during the game.

Clearly the market conditions change during the game, and
this should affect the strategy of the agent. When there is
scarcity, prices are higher, so the agent can price aggressively.
In balanced situations prices are lower and have more spread,
so the agent has a range of options for maximizing expected
profit. In over-supply situations prices are lower. The agent
should primarily control costs, and therefore either do pricing
based on costs, or wait for better market conditions.

2.1 Off-line analysis of data
In our approach, we identify and characterize market regimes
by analyzing off-line data from previous games. The agent
can then use these results along with real-time observable
information to identify regimes during the game, forecast
regime transitions, and adapt its procurement, production,
and pricing strategy accordingly.

For our experiments, we used data from a set of 26 games
played during the semi-finals and finals of TAC SCM 2004.
The number of games played was 30, but we left out the
games where some computers were sold for $0. The mix
of players changed from game to game, the total number of
players was 12 in the semifinals and 6 in the finals.

We define regimes with the help of a Gaussian mixture
model (GMM).

Each computer type has a different nominal price, which
is the sum of the nominal cost of each of the parts needed to
build it. We normalize the prices across the different com-
puter types in each market segment. We callnp the normal-
ized price. We apply the EM-Algorithm[Dempsteret al.,
1977] to determine the Gaussian components of the GMM,
N [µi, σi](np), and their prior probability,P (ci). The density
of the normalized price can be written as:

p(np) =

N
∑

i=1

p(np|ci) P (ci) (1)

wherep(np|ci) is thei-th Gaussian from the GMM. An ex-
ample of the Gaussians is shown in Figure 2. For our exper-

0 0.2 0.4 0.6 0.8 1 1.2
0

2

4

6

x 10
4

P
ro

du
ct

 Q
ua

nt
ity

Normalized  Price (np)

GMM − low − SemifinalFinalTAC2004

0 0.2 0.4 0.6 0.8 1 1.2
0

1

2

p(
np

)

0 0.2 0.4 0.6 0.8 1 1.2
0

0.5

1

1.5

2

p(np|c
1
)*P(c

1
)

p(np|c
2
)*P(c

2
)

p(np|c
3
)*P(c

3
)

Product Quantity
p(np)

Figure 2: The Gaussian mixture model for the low market
segment. Data are from 26 games from finals and semifinals
of TAC SCM 2004.

iments we choseN = 3, because we found experimentally
that this provides a good balance between quality of approxi-
mation and simplicity of processing.

Using Bayes’ rule we determine the posterior probability:

P (ci|np) =
p(np|ci) P (ci)

∑N

i=1 p(np|ci) P (ci)
∀i = 1, · · · , N (2)

We then define the N-dimensional vector, whose components
are the posterior probabilities from the GMM,

~η(np) = [P (c1|np), P (c2|np), . . . , P (cN |np)] (3)

and for each normalized pricenpj we compute~η(npj) which
is ~η evaluated at thenpj price. We cluster these collections
of vectors using k-means. The center of each cluster corre-
sponds to regimeRk for k = 1, · · · , M , whereM is the
number of regimes.
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Figure 3: K-means clustering applied to the posterior proba-
bility P (c|np) in the low market segment.
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Figure 4: Regime probabilities over normalized price for the low (left), medium (middle) and high (right) market segments.
These are computed off-line from 26 games.

Figure 3 shows the cluster centers, which correspond to
regimes, for the low market segment. The figure shows only
some of sample points for better visualization.

We distinguish three regimes, namely over-supply (R1),
balanced (R2), and scarcity (R3). RegimeR1 represents a sit-
uation where there is a glut in the market, i.e. an over-supply
situation, which depresses prices. RegimeR2 represents a
balanced market situation, where most of the demand is satis-
fied. In regimeR2 the agent has a range of options of price vs
sales volume. RegimeR3 represents a situation where there is
scarcity of products in the market, which increases prices.In
this case the agent should price close to the customer reserve
price – the maximum price a customer is willing to pay.

The number of regimes was selected a priori, after exam-
ining the data and looking at economic analyses of market
situations. Both the computation of the GMM and k-means
clustering were tried with different initial conditions, but con-
sistently converged to the same results. Correlation analysis
(see, later, Figure 8) shows that regimes can be characterized
in terms of market quantities, such as prices and ratio of offer
to demand.

We can rewritep(np|ci) in a form that shows the depen-
dence of the normalized pricenp not on the Gaussianci of
the GMM, but on the regimeRk:

P (np|Rk) =
N

∑

i=1

p(np|ci) P (ci|Rk). (4)

The probability of regimeRk dependent on the normalized
pricenp can be computed using Bayes rule as:

P (Rk|np) =
P (np|Rk) P (Rk)

∑M

k=1 P (np|Rk) P (Rk)
∀k = 1, · · · , M. (5)

where M is the number of regimes, which in our case is 3. The
prior probabilitiesP (Rk) of the different regimes are deter-
mined by a counting process over multiple games.

Figure 4 depicts the regime probabilities for the three mar-
ket segments. Each regime is clearly dominant over a range
of normalized prices. To make things more intuitive, we label
regimeR1 asO for over-supply, regimeR2 asB for balanced,
and regimeR3 asS for scarcity. The relative dominance and
range of the different regimes varies among the market seg-
ments, but we can see, as expected, that oversupply corre-
sponds to lower prices, a balanced situation to prices closer

to the average, and scarcity to high prices. We assume this
reflects different agent pricing and inventory-management
strategies. The high market segment offers higher profit per
computer, hence the balanced regime extends over a larger
range of normalized prices. In the low market segment the
profit per computer is low, hence the balanced regime extends
over a much smaller range of normalized prices.

2.2 Online identification of current regime
During the game, the agent can estimate every day the current
regime by calculating the mean normalized pricenpday for
the day and by selecting the regime which has the highest
probability, i.e.argmax1≤k≤M

~P (Rk|npday).
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Figure 5: Game 1189@tac4 (Final TAC SCM 04) – Minimum
and maximum daily prices of computers sold, as reported dur-
ing the game, and mean price. The mean price is computed
after the game using the game data.

Unfortunately, the agent has only limited market informa-
tion. The best it can do is to estimate the mean of the normal-
ized price of the computers sold the previous day using the
daily price reports of minimum and maximum prices. This is
only an estimate, since the quantity if computers sold is not
known. An example that shows how the mean differs from
the estimate is shown in Figure 5.
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Figure 6: Game 1189@tac4 (Final TAC SCM 04) – Regimes over time for the low market computed online every day (left),
probability of receiving an order by normalized price for a balanced situation (R2 indicated byB) (middle) and for a scarcity
situation (R3 indicated byS) (right).

This estimate can then be used to identify the correspond-
ing regime online, as shown in Figure 6 (left). The data are
from game 1189@tac4, which was not in the training set of
games used to develop the regime definitions. The middle and
right parts of Figure 6 show respectively the probability ofre-
ceiving an order in a balanced and in a scarcity situation for
different prices. Scarcity typically occurs early in the game
and at other times when supply is low. These probabilities are
computed from past game data for each regime.

0 50 100 150 200
0

10000

F
in

is
he

d 
G

oo
ds

 In
ve

nt
or

y 
(F

G
)

Days

low market segment − 1189tac4

0 50 100 150 200
0

1

N
or

m
al

iz
ed

 P
ric

e 
(n

p)

0 50 100 150 200
0

1

FG
np
Offer/
Demand

S S B O B O B 

Regime
Change 

Figure 7: Game 1189@tac4 (Final TAC SCM 04) – Rela-
tionships in the low market between regimes and normalized
prices. We show the ratio of offer to demand, and the avail-
able finished goods inventory. The dominant regimes are la-
beled along the top. On day 141 the ratio of offer to demand
is about 1.4 and on day 179 it is about 4.5.

Figure 7 shows the quantity of the finished goods inventory
(FG), the ratio of offer to demand, and the normalized price
over time. The ratio of offer to demand represents the pro-
portion of the market that is satisfied. These factors clearly
correlate with market regimes, but they are not directly visi-
ble to the agent during the game. The regimes identified by

our approach are superimposed, whereS (or R3) represents
scarcity,B (or R2) balanced, andO (or R1) over-supply.

Economic intuition tells us that when there is over-supply
prices are low and vice versa. Figure 7 shows a clear correla-
tion between regimes and market parameters, substantiating
our economic regime characterization. For example, the fig-
ure shows that when the offer to demand ratio is high (i.e.
over-supply) prices are low and vice versa.
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Figure 8: Game 1189@tac4 (Final TAC SCM 04) – Correla-
tion coefficients between regimes and time in the game, the
ratio of offer to demand, normalized price (np), and quantity
of finished goods inventory in the low market segment.

A correlation analysis of the market parameters is shown in
Figure 8. The p-values for the correlation analysis are all less
than 0.01. RegimeR1 (over-supply) correlates strongly and
positively with time, ratio of offer to demand, and quantity
of finished goods inventory, and negatively with normalized
price. On the other hand, in RegimeR3 (scarcity) we observe
a strong negative correlation with the selected market param-
eters.

Figure 9 shows the relative probabilities of each regime
over the course of a game. The graph shows that different
regimes are dominant at different points in the game, and that
there are brief intervals during which two regimes are almost
equally likely. An agent could use this information to decide
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Figure 9: Game 1189@tac4 (Final TAC SCM 04) – Regime probabilities over time computed online every day for the low
(left), medium (middle) and high (right) market segment.
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Figure 10: Game 1189@tac4 (Final TAC SCM 04) – Ratio of probabilities of best and second best regime computed every
day for the low (left), medium (middle), and high (right) market segment. A high ratio corresponds to a high confidence in the
current regime and a ratio close to one indicates a mixture ofalmost equally likely regimes.
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Figure 11: Game 1189@tac4 (Final TAC SCM 04) – Daily entropy values of the 3 regimes for the low (left), medium (middle),
and high (right) market segment.

which strategy, or mixture of strategies, to follow.
To estimate the confidence in the regime identification an

agent can use the ratio of the probability of the highest vs
the second highest regime. A high ratio corresponds to high
confidence in regime identification, while a ratio close to one
indicates that the current market situation is a mixture of al-
most equally likely regimes. This can be an indication of an
upcoming regime change. Examples for the three market seg-
ments in game 1189tac4 are shown in Figure 10.

We can observe that the ratios are smaller in the medium
market segment than in the other two markets. We believe
that this can be in part attributed to the fact that computers

in the medium segment are built out of parts that can also be
used to build computers in either the low or the high market
segment. Agents might decide to switch some of their pro-
duction to the market segment that appears most profitable,
so making the regimes in the medium market not as domi-
nant.

An additional measure of the confidence in the regime
identification is the entropy of the setS of probabilities of the
regimes given the mean of the daily normalized pricenpday,
where

S = {P (R1|npday), · · · , P (RM |npday)}



and

Entropy(S) ≡

M
∑

k=1

−P (Rk|npday) log2 P (Rk|npday). (6)

This confidence measure based on entropy has the advantage
that it includes all regimes as opposed to the ratio confidence
measure which only includes the regimes with the highest and
the second highest probability. An entropy value close to zero
corresponds to a high confidence in the current regime and
an entropy value close to its maximum, i.e. for M regimes
log2 M , indicates that the current market situation is a mix-
ture of M almost equally likely regimes. Examples for the
three market segments in game 1189@tac4 are shown in Fig-
ure 11.

3 Regime Prediction

From the perspective of making decisions the behavior of an
agent should depend on the current market regime as well as
expectation of future regimes. The fixed start and end bound-
aries of the game have a strong impact on market regimes.
Prices are higher at the beginning of the game, when comput-
ers are very scarce, and often fall toward the end of the game
when every agent is trying to sell off its inventory. We believe
that an agent which is capable of predicting regime changes
has an advantage over its competitors.

We model the regime estimation process as a discrete,
semi-Markov process[Levinson, 1986]. In a semi-Markov
process the future depends not only on the present state, but
also on the length of time the process has spent in the state.
Our preliminary observations, led us to believe that the mar-
ket exhibits time dependent behavior. For instance, in Fig-
ure 6 (left) we see long stable regimes and rapid switches to
new regimes.

In order to model this behavior we construct a Markov tran-
sition matrix,Tpredict, which is a weighted sum of two ma-
trices, the steady state matrixTsteadyand the change matrix
Tchange. Tsteady is theM × M identity matrix, whereM is
the number of regimes.Tchangerepresents the posterior prob-
ability of transitioning to a regime given the current regime.
Tchangeis computed off-line by a counting process.

Tpredict(rt+1|rt) = (1 − ω(.)) × Tsteady(rt+1|rt)

+ ω(.) × Tchange(rt+1|rt) (7)

whereω(.) represents the probability of a regime change, and
rt represents the current regime.

To compute the value ofω(.), we need to introduce a few
variables. We model the timeτi spent in regimeRi before
the transition to regimeRj occurs as a random variable with
distributionFij . τi is measured off-line.

To modelFij we hypothesized that the probability density
of τi is dependent on the current regime,Ri, i.e. p(τi|Ri). We
computed the frequency of all values ofτi in ascending order,
shown in Figure 12, and fitted different distributions. The
Gamma distribution,g(t; α, λ) (Equation 8) is a reasonable
fit to the data, as shown in Figure 13.
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Figure 12: τ values for regimeR2 (balanced) for the low
market segment shown in ascending order. Theτ values were
collected from 10 games from the TAC SCM 04 semifinal and
final games.
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Figure 13: Fitted Gamma pdf forp(τ |R2) (top); Cumulative
distributions:ω(r = R2, ∆t) is the probability of transition-
ing out of regimeR2, ∆t is the elapsed time since the last
regime change (bottom). Data are for the low market seg-
ment.

The gamma density function,g(t; α, λ), depends on two
parameters,α andλ:

g(t; α, λ) =

{

λα

Γ(α) t
α−1e−λt for t ≥ 0

0 for t < 0
, (8)

whereΓ(x) is the gamma function, which is defined as

Γ(x) =

∫ ∞

0

ux−1e−u du x ≥ 0, α > 0, λ > 0.

The parameters were fitted separately for each regime using
a maximum likelihood procedure. After applying the fitting
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Figure 14: Tpredict Markov transition matrices as a function of time for the low market segment.Tpredict is a time-varying
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procedure we obtainedα = 0.5287 and λ = 0.0333 for
regimeR2 in the low market segment.

We define∆t as the time since the last regime transition at
t0:

∆t = t − t0 (9)

The probability of a regime transitionω(r, ∆t), shown in Fig-
ure 13 (bottom), from the current regime,r, with respect to
the time∆t that has elapsed since the last regime transition,
t0, is given by:

ω(r = Ri, ∆t) =

∫ ∆t

0

p(∆t|r = Ri) d∆t (10)

wherep(∆t|r = Ri) = g(∆t; αi, λi), and the parameters
αi, λi are fitted separately for each regime.

Figure 14 shows the time dependent Markov prediction
matrices for the low market segment for 1, 5, 9, 13, and 17
days after a regime shift occurred. The rightmost figure is the
change matrix for the same market segment. We observe that
as time passesTpredict becomes more similar toTchange.

4 Related Work
Marketing research methods have been developed to under-
stand the conditions for growth in performance and the role
that marketing actions play to improve sales. For instance,
in [Pauwels and Hanssens, 2002], an analysis is presented
on how in mature economic markets strategic windows of
change alternate with long periods of stability.

Model selection is the task of choosing a model of optimal
complexity for the given data. A good overview of concepts,
theory and model selection methods is given in[Cherkassky
and Mulier, 1998].

Much work has focused on models for rational decision-
making in autonomous agents. Ng and Russel[2000] show
that an agent’s decisions can be viewed as a set of linear con-
straints on the space of possible utility (reward) functions.
However, the simple reward structure they used in their ex-
periments will not scale to what is needed to predict prices in
TAC SCM.

Carmel and Markovitch[1993] describe a game-player that
tries to analyze and learn the strategy of its opponent. They
discuss the benefits of using a model of the opponent strat-
egy, and give an algorithm called M* (a generalization of the

standard minimax algorithm) that attempts to exploit the op-
ponent strategy. M* assumes that the opponent’s search depth
and evaluation function are known.

Chajewska, Koller, and Ormoneit[2001] show a method
for predicting the future decisions of an agent based on its
past decisions. They learn the agent’s utility function by ob-
serving its behavior. Their approach is based on the assump-
tion that the agent is a rational decision maker. According
to decision theory, rational decision making amounts to the
maximization of the expected utility[von Neumann and Mor-
genstern, 1947]. In TAC SCM, we cannot apply these tech-
niques because the behaviors of individual agents are not di-
rectly observable.

Sales strategies used in previous TAC SCM competitions
have attempted to model the probability of receiving an order
for a given offer price, either by estimating the probability by
linear interpolation from the minimum and maximum daily
price records[Pardoe and Stone, 2004], or by estimating the
relationship between offer price and order probability with
a linear cumulative density function (CDF)[Benischet al.,
2004], or by using a reverse CDF and factors such as quantity
and due date[Ketteret al., 2004], or by letting other agents set
the price and trying to follow[Dahlgren and Wurman, 2004].

All these methods fail to take into account market condi-
tions that are not directly observable. They are essentially re-
gression models, and do not represent qualitative differences
in market conditions. Our method, in contrast, is able to de-
tect and forecast a broader range of market conditions. Re-
gression based approaches (including non-parametric varia-
tions) assume that the functional form which defines the re-
lationship between dependent and independent variables has
the same structure. However, as shown in Figure 1, these
functional relationships have a different structure for differ-
ent regimes. Therefore, a clustering based approach that does
not assume a functional relationship maybe the best way to
identify a regime.

Wellman et al.[2005] demonstrate a method for predicting
future customer demand in the TAC-SCM game environment,
and use the predicted future demand to inform agent behavior.
Their approach is specific to the TAC-SCM situation, since it
depends on knowing the formula by which customer demand
is computed. Note that customer demand is only one of the
factors for characterizing the multi-dimensional regime pa-
rameter space to guide the operational and strategic behavior
of the agent.



5 Conclusions and Future Work
We have presented an approach to characterizing and predict-
ing economic market conditions. Our approach recognizes
that different market situations have qualitative differences
that can be used to guide the strategic and tactical behavior
of an agent. Unlike regression-based methods that try to pre-
dict prices directly from demand and other observable fac-
tors, our approach recognizes that prices are also influenced
by non-observable factors, such as the inventory positionsof
the other agents. Unlike price-following methods, our ap-
proach promises to enable an agent to anticipate and prepare
for regime changes, for example by building up inventory in
anticipation of better prices in the future or by selling in an-
ticipation of an upcoming oversupply situation.

We have demonstrated the effectiveness of our approach by
characterizing the market conditions in games played in the
semifinals and finals from TAC SCM 2004.

Our next step is to complete the prediction of future
regimes, to design and evaluate sales strategies that take ad-
vantage of regime prediction, and to integrate them into the
decision making process of our agent. This, for instance,
will prevent the agent from purchasing parts when there is
an over-supply of computers in the market, and encourage
buying parts when under-supply is anticipated. We believe
that our proposed formulation will allow the agent to operate
effectively on a daily basis as well as to engage in strategic
pricing and market manipulation.
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