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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.

Introduction
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(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 calkegimes, such as over-supply
or scarcity of products. This is accomplished using his#dri
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.

Electronic marketplaces are gaining popularity among pro- . . e
ducers seeking to streamline their supply chains and corg Economic Regime Identification
sumers looking for opportunities. Intelligent softwareeatg  We believe that market conditions can be characterized by
can significantly facilitate human decision processe®eltly  statistical patterns, and that such patterns can be leaffied
helping users to select strategies or by making autonomouse from historical data. We call those distinguishablekaa
choices that are consistent with the human decision makersonditionsregimes. Since supply and demand in TAC SCM
preferences. Regardless of the application, agents netbd mechange in each of the market segments independently of the
ods for making autonomous decisions under uncertain andther segments, we will limit our considerations to a market
dynamic market conditions. segment, and assume the same methods are applicable to each
The Supply-Chain Management Trading Agent Competi-market segment.
tion [Sadetlet al., 2003 (TAC SCM) involves a Supply Chain To give an intuition of how prices for the same type of com-
Management scenario in which in each round six autonomouguter change during the game, we show in Figure 1 the prob-
agents attempt to maximize profit by selling personal com-ability of receiving an order for a given offer price for com-
puters they assemble from parts they buy from suppliers. Thputers of type 1 during one of the games played in the finals
agent with the highest bank balance at the end of the gamef TAC SCM 2004. We can see how the slope of the curve
wins. An agent has to make many decisions, such as hoand its position change over time. According to economic
many parts to buy, when to get them delivered, what typesheory high prices and a steep slope correspond to a situatio
of computers to build, when to sell them, and at what price of scarcity, where price elasticity is small, while a les=egt
Availability of parts and demand for computers varies ran-slope corresponds to a balanced market where the range of
domly through the game and across three market segmengsices is larger.



Order probability computer type 1 in 1189tac4 over 20 day intervals.
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Figure 1: Game 1189@tac4 (Final TAC SCM 04) — Proba-Figure 2: The Gaussian mixture model for the low market
bility of order for computer type 1 by offer price. The plot segment. Data are from 26 games from finals and semifinals
shows the curves every 20 days during the game. of TAC SCM 2004.

Clearly the market conditions change during the game, animents we choséV = 3, because we found experimentally
this should affect the strategy of the agent. When there ighat this provides a good balance between quality of approxi
scarcity, prices are higher, so the agent can price aggedgsi  mation and simplicity of processing.

In balanced situations prices are lower and have more spread Using Bayes’ rule we determine the posterior probability:

so the agent has a range of options for maximizing expected

profit. In over-supply situations prices are lower. The dgen  p(c;|np) = Jf\?(np‘ci) P(ei)
>im1 p(nple;) P(e;)

should primarily control costs, and therefore either doipg
based on costs, or wait for better market conditions. ! ) )
We then define the N-dimensional vector, whose components
are the posterior probabilities from the GMM,

In our approach, we identify and characterize market regime . _
by analyzing off-line data from previous games. The agent 7i(np) = [Plefnp), Plezfp), ..., Plextmp)] - (3)
can then use these results along with real-time observablend for each normalized priegp; we computej(np;) which
information to identify regimes during the game, forecastis 77 evaluated at thep, price. We cluster these collections
regime transitions, and adapt its procurement, productiorof vectors using k-means. The center of each cluster corre-
and pricing strategy accordingly. sponds to regimeR’;, for k = 1,---, M, where M is the

For our experiments, we used data from a set of 26 gamasumber of regimes.
played during the semi-finals and finals of TAC SCM 2004.
The number of games played was 30, but we left out the Aggregate low market segment of 26 games
games where some computers were sold for $0. The mi o + PER)
of players changed from game to game, the total number c Tog, + PEIR)
players was 12 in the semifinals and 6 in the finals. PRy

We define regimes with the help of a Gaussian mixture
model (GMM). 1

Each computer type has a different nominal price, which ;|
is the sum of the nominal cost of each of the parts needed t o,
build it. We normalize the prices across the different com-2 °* >
puter types in each market segment. We aalthe normal-
ized price. We apply the EM-AlgorithrilDempsteret al.,
1977 to determine the Gaussian components of the GMM.
Nu;, 0;](np), and their prior probabilityP(c;). The density
of the normalized price can be written as:

Vi=1,---,N (2)

2.1 Off-line analysis of data
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N
p(np) = Zp(nplci) P(ci)

wherep(np|c;) is thei-th Gaussian from the GMM. An ex- Figure 3: K-means clustering applied to the posterior proba
ample of the Gaussians is shown in Figure 2. For our expetility P(c[np) in the low market segment.
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Figure 4: Regime probabilities over normalized price far tbw (left), medium (middle) and high (right) market segtsen
These are computed off-line from 26 games.

Figure 3 shows the cluster centers, which correspond tto the average, and scarcity to high prices. We assume this
regimes, for the low market segment. The figure shows onlyeflects different agent pricing and inventory-management
some of sample points for better visualization. strategies. The high market segment offers higher profit per

We distinguish three regimes, namely over-supgl{)(  computer, hence the balanced regime extends over a larger
balanced R-), and scarcity R3). RegimeR; represents a sit- range of normalized prices. In the low market segment the
uation where there is a glut in the market, i.e. an over-suppl profit per computer is low, hence the balanced regime extends
situation, which depresses prices. RegiRgrepresents a over a much smaller range of normalized prices.
balanced market situation, where most of the demand is satia L e .
fied. In regimeR, the agent has a range of options of price vs2-2  Online identification of current regime
sales volume. RegimR; represents a situation where there is During the game, the agent can estimate every day the current
scarcity of products in the market, which increases pritres. regime by calculating the mean normalized prige,,, for
this case the agent should price close to the customer geserthe day and by selecting the regime which has the highest

price — the maximum price a customer is willing to pay. probability, i.e.argmax; <</ J3(Rk|mday).
The number of regimes was selected a priori, after exam-
ining the data and looking at economic analyses of marke Daily Price Report — low - 1189tac4

situations. Both the computation of the GMM and k-means
clustering were tried with different initial conditionsytcon-
sistently converged to the same results. Correlation arsaly
(see, later, Figure 8) shows that regimes can be charaaderiz
in terms of market quantities, such as prices and ratio ef off
to demand.

We can rewritep(np|c;) in a form that shows the depen-
dence of the normalized priagp not on the Gaussias; of
the GMM, but on the regime&;,

1.2F

o
© [
T T

Normalized Price
o
(2]

N
P(np|Ry) = p(nple;) Plci|Ry). (4)
=1 —— Maximum Price

! -.- Mean Price
- - - Minimum Price

The probability of regimeR,, dependent on the normalized

pricenp can be computed using Bayes rule as: 0 20 40 €0 80 100 120 140 160 180 200 220
P R.) P(R Time in Days
P(Rilnp) = o PRI Py ar gs)
2k=1 P(np|Ry) P(Ry) Figure 5: Game 1189@tac4 (Final TAC SCM 04) — Minimum

where M is the number of regimes, which in our case is 3. Theynd maximum daily prices of computers sold, as reported dur-
prior probabilitiesP(ky,) of the different regimes are deter- ing the game, and mean price. The mean price is computed

mined by a counting process over multiple games. after the game using the game data.
Figure 4 depicts the regime probabilities for the three mar-

ket segments. Each regime is clearly dominant over a range Unfortunately, the agent has only limited market informa-

of normalized prices. To make things more intuitive, we labe tion. The best it can do is to estimate the mean of the normal-
regimeR; asO for over-supply, regim&, asB for balanced, ized price of the computers sold the previous day using the
and regimeRs as.S for scarcity. The relative dominance and daily price reports of minimum and maximum prices. This is

range of the different regimes varies among the market seg@nly an estimate, since the quantity if computers sold is not
ments, but we can see, as expected, that oversupply corrkrown. An example that shows how the mean differs from

sponds to lower prices, a balanced situation to prices closghe estimate is shown in Figure 5.
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Figure 6: Game 1189@tac4 (Final TAC SCM 04) — Regimes oveg fon the low market computed online every day (left),
probability of receiving an order by normalized price foradnced situationK: indicated byB) (middle) and for a scarcity
situation (R3 indicated bysS) (right).

This estimate can then be used to identify the correspondsur approach are superimposed, wh&réor R3) represents
ing regime online, as shown in Figure 6 (left). The data arescarcity,B (or R;) balanced, and (or R;) over-supply.
from game 1189@tac4, which was not in the training set of Economic intuition tells us that when there is over-supply
games used to develop the regime definitions. The middle angrices are low and vice versa. Figure 7 shows a clear correla-
right parts of Figure 6 show respectively the probabilityesf  tion between regimes and market parameters, substagtiatin
ceiving an order in a balanced and in a scarcity situation fobur economic regime characterization. For example, the fig-
different prices. Scarcity typically occurs early in thenga  ure shows that when the offer to demand ratio is high (i.e.
and at other times when supply is low. These probabilities arover-supply) prices are low and vice versa.
computed from past game data for each regime.
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Figure 7: Game 1189@tac4 (Final TAC SCM 04) — Rela- A correlation analysis of the market parameters is shown in
tionships in the low market between regimes and normalizegtigyre 8. The p-values for the correlation analysis aresal |
prices. We show the ratio of offer to demand, and the availthan 0.01. Regime?, (over-supply) correlates strongly and
able finished goods inventory. The dominant regimes are lapositively with time, ratio of offer to demand, and quantity
beled along the top. On day 141 the ratio of offer to demangy finished goods inventory, and negatively with normalized
is about 1.4 and on day 179 it is about 4.5. price. On the other hand, in Reginig (scarcity) we observe

a strong negative correlation with the selected marketrpara

Figure 7 shows the quantity of the finished goods inventoryeters.

(F'G), the ratio of offer to demand, and the normalized price Figure 9 shows the relative probabilities of each regime
over time. The ratio of offer to demand represents the proever the course of a game. The graph shows that different
portion of the market that is satisfied. These factors gearl regimes are dominant at different points in the game, and tha
correlate with market regimes, but they are not directly-vis there are brief intervals during which two regimes are atmos
ble to the agent during the game. The regimes identified byqually likely. An agent could use this information to dexid
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Figure 9: Game 1189@tac4 (Final TAC SCM 04) — Regime proligsilover 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 prdligs of best and second best regime computed every
day for the low (left), medium (middle), and high (right) rkat segment. A high ratio corresponds to a high confidendesin t
current regime and a ratio close to one indicates a mixtuegnodst equally likely regimes.
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Figure 11: Game 1189@tac4 (Final TAC SCM 04) — Daily entroglags of the 3 regimes for the low (left), medium (middle),
and high (right) market segment.

which strategy, or mixture of strategies, to follow. in the medium segment are built out of parts that can also be
To estimate the confidence in the regime identification arused to build computers in either the low or the high market
agent can use the ratio of the probability of the highest vsegment. Agents might decide to switch some of their pro-
the second highest regime. A high ratio corresponds to higluction to the market segment that appears most profitable,
confidence in regime identification, while a ratio close te on so making the regimes in the medium market not as domi-
indicates that the current market situation is a mixturelof a nant.
most equally likely regimes. This can be an indication of an An additional measure of the confidence in the regime
upcoming regime change. Examples for the three market segdentification is the entropy of the s6tof probabilities of the
ments in game 1189tac4 are shown in Figure 10. regimes given the mean of the daily normalized prigg,,,,
We can observe that the ratios are smaller in the mediunyhere
market segment than in the other two markets. We believe
that this can be in part attributed to the fact that computers S ={P(R1|0Dyay), -+ » P(Ra[MDgqy) }
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This confidence measure based on entropy has the advanta _ 2
that it includes all regimes as opposed to the ratio confielenc
measure which only includes the regimes with the highest an
the second highest probability. An entropy value close to ze
corresponds to a high confidence in the current regime an
an entropy value close to its maximum, i.e. for M regimes
log, M, indicates that the current market situation is a mix-
ture of M almost equally likely regimes. Examples for the s

three market segments in game 1189@tac4 are shown in Fi ‘
ure 11. o Ll | I L1
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3 Regime Prediction
9 Figure 12: 7 values for regimeR, (balanced) for the low

From the perspective of making decisions the behavior of amarket segment shown in ascending order. 7 kalues were
agent should depend on the current market regime as well amllected from 10 games from the TAC SCM 04 semifinal and
expectation of future regimes. The fixed start and end boundinal games.

aries of the game have a strong impact on market regimes.

Prices are higher at the beginning of the game, when compu low - regime R,

ers are very scarce, and often fall toward the end of the gam o1 ‘ ‘ ‘ ‘
when every agent is trying to sell off its inventory. We bedie

that an agent which is capable of predicting regime change -
has an advantage over its competitors. g 008y

We model the regime estimation process as a discrete
semi-Markov procesf_evinson, 1986 In a semi-Markov ‘ ‘ ‘ ‘
process the future depends not only on the present state, t 0 20 40 60 80 100 120
also on the length of time the process has spent in the stat
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 t
new regimes.

In order to model this behavior we construct a Markov tran-
sition matrix, Tpredicy Which is a weighted sum of two ma- 5 > yn o ST
trices, the steady state matfRseaqyand the change matrix At
Tchange TsteadyiS the M x M identity matrix, whereM is

the number of regimesl changereépresents the posterior prob- rigyre 13: Fitted Gamma pdf for(r| R») (top); Cumulative
ability of transitioning to a regime given the current regim distributions:w(r = R, At) is the probability of transition-

“““ Gamma CDF
—— Parameter Free
- - Exponential CDF

Tcnangels computed off-line by a counting process. ing out of regimeR,, At is the elapsed time since the last
regime change (bottom). Data are for the low market seg-
Tpredic(rt+1[1¢) = (1 —w(.)) X Tsteadkre+17¢) mgnt_ ge | : ’

+ w(.) X TchangdTt+1[7t) @)

wherew(.) represents the probability of a regime change, and "€ gamma density functiow,(#; «, A), depends on two

1, represents the current regime. parametersy and:

To compute the value af(.), we need to introduce a few XY ja—1,- f
variables. We model the timg spent in regimeR; before g(t;a, \) = { fol € oré20 , (8)
the transition to regimé?; occurs as a random variable with 0 for t <0

distribution F;. 7; is measured off-line.

To modelF;; we hypothesized that the probability density
of 7; is dependent on the current reginfg, i.e. p(7;|R;). We L
computed the frequency of all values®fn ascending order, [(z) = / u' e tdu > 0,a>0,A>0.
shown in Figure 12, and fitted different distributions. The 0
Gamma distributiong(¢; o, A) (Equation 8) is a reasonable The parameters were fitted separately for each regime using
fit to the data, as shown in Figure 13. a maximum likelihood procedure. After applying the fitting

whereI'(z) is the gamma function, which is defined as
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Figure 14: Tpredict Markov transition matrices as a function of time for the lovanket segment.Tpredict IS a time-varying
combination ofL'sieadyandTchangefor a regime with an average valueof= 15. Ther values are based on 10 games from the
TAC SCM semifinal and final 2004. The transition matrix probads are shown as shades of gray, with white represeriting
and black representing 0. Rows are for the current regimecaluinns for the next regimélyeqict iS evaluated for 1, 5, 9, 13
and 17 days from left to right. The rightmost matrix repreés@rhangewithout mixing.

procedure we obtained = 0.5287 and A\ = 0.0333 for  standard minimax algorithm) that attempts to exploit the op

regimeR; in the low market segment. ponent strategy. M* assumes that the opponent’s search dept
We defineAt as the time since the last regime transition atand evaluation function are known.
lo: Chajewska, Koller, and Ormondi2001] show a method

for predicting the future decisions of an agent based on its
past decisions. They learn the agent’s utility function by o
The probability of a regime transitian(r, At), shown in Fig- ~ S€rving its behavior. Their approach is based on the assump-
ure 13 (bottom), from the current regime, with respect to  tioN that the agent is a rational decision maker. According
the timeA¢ that has elapsed since the last regime transition!® decision theory, rational decision making amounts to the
to, is given by: maximization of the expected utilifyon Neumann and Mor-
genstern, 1947 In TAC SCM, we cannot apply these tech-
At nigues because the behaviors of individual agents are not di
w(r = R;, At) = / p(At|r = R;) dAt (10)  rectly observable.

0 Sales strategies used in previous TAC SCM competitions
wherep(Atlr = R;) = g(At;ay, )\;), and the parameters have attempted to model the probability of receiving an orde
a;, \; are fitted separately for each regime. for a given offer price, either by estimating the probabiby

Figure 14 shows the time dependent Markov predictiorinear interpolation from the minimum and maximum daily
matrices for the low market segment for 1, 5, 9, 13, and 17rice record§Pardoe and Stone, 2004r by estimating the
days after a regime shift occurred. The rightmost figureds th relationship between offer price and order probabilityhwit
change matrix for the same market segment. We observe thatlinear cumulative density function (CDHBenischet al.,

At =t —t 9)

as time passeFpredic becomes more similar @ change 2004, or by using a reverse CDF and faptors such as quantity
and due datEKetteret al., 2004, or by letting other agents set
4 Related Work the price and trying to follovyDahlgren and Wurman, 2004

All these methods fail to take into account market condi-

Marketing research methods have been developed to unddiens that are not directly observable. They are essential
stand the conditions for growth in performance and the rolegression models, and do not represent qualitative difteren
that marketing actions play to improve sales. For instancein market conditions. Our method, in contrast, is able to de-
in [Pauwels and Hanssens, 200an analysis is presented tect and forecast a broader range of market conditions. Re-
on how in mature economic markets strategic windows ofgression based approaches (including non-parametria-vari
change alternate with long periods of stability. tions) assume that the functional form which defines the re-

Model selection is the task of choosing a model of optimallationship between dependent and independent variabtes ha
complexity for the given data. A good overview of concepts,the same structure. However, as shown in Figure 1, these
theory and model selection methods is givehQ@ierkassky functional relationships have a different structure fdfedi
and Mulier, 1998 ent regimes. Therefore, a clustering based approach tkat do

Much work has focused on models for rational decision-not assume a functional relationship maybe the best way to
making in autonomous agents. Ng and Ru$26Dd show identify a regime.
that an agent’s decisions can be viewed as a set of linear con- Wellman et al[2005 demonstrate a method for predicting
straints on the space of possible utility (reward) funddion future customer demand in the TAC-SCM game environment,
However, the simple reward structure they used in their exand use the predicted future demand to inform agent behavior
periments will not scale to what is needed to predict prioes i Their approach is specific to the TAC-SCM situation, since it
TAC SCM. depends on knowing the formula by which customer demand

Carmel and Markovitch1993 describe a game-player that is computed. Note that customer demand is only one of the
tries to analyze and learn the strategy of its opponent. Thefactors for characterizing the multi-dimensional reginae p
discuss the benefits of using a model of the opponent stratameter space to guide the operational and strategic khavi
egy, and give an algorithm called M* (a generalization of theof the agent.



5 Conclusions and Future Work

[Ketteret al., 2004 Wolfgang Ketter, Elena Kryzhnyaya,

We have presented an approach to characterizing and predict Stéven Damer, Colin McMillen, Amrudin Agovic, John
ing economic market conditions. Our approach recognizes C°llins, and Maria Gini. MinneTAC sales strategies for

that different market situations have qualitative diffezes

supply chain TAC. IrProc. of the Third Int’| Conf. on Au-

that can be used to guide the strategic and tactical behavior {onomous Agents and Multi-Agent Systems, pages 1372

of an agent. Unlike regression-based methods that try to pre

1373, New York, July 2004.

dict prices directly from demand and other observable facf{Levinson, 198b S E Levinson. Continuously variable dura-
tors, our approach recognizes that prices are also infldence tion hidden markov models for automatic speech recogni-

by non-observable factors, such as the inventory positibns

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 m a
ticipation of an upcoming oversupply situation.

tion. Comput. Speech Lang., 1(1):29-45, 1986.

Ng and Russell, 2000Andrew Ng and Stuart Russell. Al-

gorithms for inverse reinforcement learning. Pnoc. of
the 17th Int'l Conf. on Machine Learning, pages 663—-670,
Palo Alto, June 2000.

We have demonstrated the effectiveness of our approach tffardoe and Stone, 2d0David Pardoe and Peter Stone.
characterizing the market conditions in games played in the Bidding for Customer Orders in TAC SCM: A Learning

semifinals and finals from TAC SCM 2004.
Our next step is to complete the prediction of future

Approach.
Analysis at AAMAS, pages 52-58, New York, July 2004.
regimes, to design and evaluate sales strategies thatdake §Pauwels and Hanssens, 2D0Roen
vantage of regime prediction, and to integrate them into the minique Hanssens.

InWbrkshop on Trading Agent Design and

Pauwels and Do-
Windows of Change in Mature

decision making process of our agent. This, for instance, Markets. InEuropean Marketing Academy Conf., Braga,
will prevent the agent from purchasing parts when there is Protugal, May 2002.

an over-supply of computers in the market, and encourag
buying parts when under-supply is anticipated. We believ
that our proposed formulation will allow the agent to operat

effectively on a daily basis as well as to engage in strategic

pricing and market manipulation.
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