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Abstract

We present a semi-parametric model that describes anccpguticing behaviors in a market envi-
ronment using a Gaussian mixture model and a Markov pro¥ésshow how the model can be used to
guide resource allocation and pricing decisions in an artwus trading agent. We validate our model
by presenting results obtained in the Trading Agent Cortipetfor Supply Chain Management.

1 Introduction

We present an approach whereby an autonomous agent is ahkk#tactical decisions, such as product
pricing, as well as strategic decisions, such as producamixproduction planning, in order to maximize its
expected profit in an uncertain market. The agent predittsdunarket conditions and adapts its decisions
on procurement, production, and sales accordingly. Welatdi our approach on data from the Trading
Agent Competition for Supply Chain Management [1](TAC SCNWAC SCM is a market simulation in
which six competing autonomous agents attempt to maximiaft oy buying parts, assembling products
(personal computers), and selling their products in dailgtians. The goal is to achieve the highest bank
balance at the end of the game, which runs for one simulatad »@ agent can produce 16 different types
of computers, that are categorized into 3 different mar&gtreents. Demand in each market segment varies
during the game. The paper is organized as follows. Afteroatsiverview of existing methods, we intro-
duce our method of economic regimes for forecasting futuaeket conditions and for modeling customer
purchase behavior. In Section 4 we discuss an optimizafipnoach to sales decisions, in particular for
resource allocation and pricing. We present results ofoperénce evaluation in Section 5. We conclude
with ideas for future work.

2 Related Work

The analysis in [4] shows that the ability of decision makersorrectly identify the onset of a new regime
can mean the difference between success and failure. Fudhethey found strong evidence that individu-
als pay inordinate attention to the signal (price in our Laeed neglect diagnosticity (regime dynamics) and
transition probability (Markov matrix), the aspects of #ystem that generates the signal. Individuals who
do not pay enough attention to regime identification andiptiech have the tendency to over- or underreact
to market conditions. The methods which were used in thée@lesearch fail to take into account market
conditions that are not directly observable. They are g&dlynregression models, and do not represent
gualitative differences in market conditions. Our methodontrast, is able to detect and forecast a broader
range of market conditions. Regression based approactehsding non-parametric variations) assume that
the functional form of the relationship between dependedtiadependent variables has the same structure.



An approach like ours that models variability and does nstiaee a functional relationship provides more
flexibility and detects changes in relationship betweeogsiand sales over time.

3 Economic Regimes and Price Prediction

Our goal is a model that can predict both future market préacesthe probability that a particular bid price
will result in an order. Economic theory suggests that engnenvironments tend to exhibit “dominant
patterns” over time, such as scarcity, balanced situatiod, oversupply. These patterns correspond to
price ranges and trends. We call thegonomic regimedn the following we give a brief overview of our
approach. A complete description of this method is avadlabl[2]. Our approach begins with analyzing
off-line data from past sales transactions in the marketa®éeime that historical data are available and that
they are sufficiently representative of current market @mts. Since prices are likely to have different
ranges for different goods, we normalize them. We gg]) the normalized price for googland define it as
follows: np, = price,/nominalCost, wherenominalCost, is the “nominal” cost to source a unit of the
goodg. In TAC-SCM this is a fixed value for each good.

We estimate the price density(np), by fitting a Gaussian mixture model (GMM) to historical data
We use a GMM since it is able to approximate arbitrary derfsibctions. We use the EM-Algorithmto
determine the prior probability?({;), of the Gaussians. To obtain the price dengityp) we sum over the
products of all the individual Gaussians and their priofyadaility as determined by the EM algorithm. We
then apply Bayes'’ rule to determine the posterior probghilf each Gaussian given a particular normal-
ized price observatiof?(¢;|np). Using Bayes’ rule we transform all historical price poiit posterior
probability space.

We defineregimesby clustering the price distributions across days. Thisasedwith the k-means
algorithm. The resulting clusters correspond to freqyeoticurring price distributions with support on a
contiguous range afp. The center of each cluster is a probability vector thatesponds to regime= Ry,
fork=1,---, M, whereM is the number of regimes. We compute the density of the ndzethpricenp
dependent on regim®,, from the density of the normalized price given thiéh Gaussian of the GMM and
the conditional probability clustering matri®,(¢;| Rx):

N
p(np|Ry) =Y p(up|Gi) PG| Ry)- 1)
=1

The probabilityP( Ry |np) can then be obtained using Bayes rule as:

Sl p(np|Ry) P(Ry)

where M is the number of regimes. The prior probabiliti¢¥,R;), of the regimes are determined by a
counting process over historical data. For real-time regidentification, we need to estimate the mean
price of the goods sold. In TAC SCM, the agent receives evayyadreport that includes the minimum and
maximum prices of goods sold the previous day, but not thatifiess sold. The mid-range price, the price
between the minimum and maximum, could be used as a coarsaxapption of the mean price, but it is
rather noisy. To reduce the noise we smooth yesterday’smmimiand maximum prices using a Brown linear
(double) exponential smoother with= 0.5 and compute their arithmetic mearm,;_,. Since procurement,
production, and pricing decisions of an agent should deparekpected future regimes, the agent needs to
predict future regimes. We model the prediction of futugimees, P(#,..,|0p,_,), as a Markov prediction
process for strategical decision making and using expéademmhoothing for tactical decision making [3].




We now describe how to predict the price trend based on regmediction. Equation 3 describes how
to compute the price density based on a predicted regimebdison. M is the number of regimes and
the number of Gaussians used in the GMM. A point on the digioh is given by

P(DPgn|0Pg 1) ZZP ¢j|Ri) P(Ridsn|0Dg_1) p(npl¢;) 3)

7j=1 =1

where P( ”Hn\npd 1) is one element of the predicted regime probability vecteegieither by the
Markov prediction or by the exponentially smoothed pregtictegimes. To obtain a predicted price dis-
tribution we sample Equation 3 for every day over the plagriorizon. with values fornp between 0
and 1.25. After sampling the mixture distribution over the setmpf values, the distribution is normalized
to sum to 1. Given the estimate of the price density, the opdebability functionP(order|np) can be
estimated a$ — CDF'(np), whereCDF (np) is the cumulative distribution function afp.

4 Resource Allocation and Sales Pricing

Given a model for future market prices, we would like to beegblmaximize the profit our agent can expect
to earn over some reasonable period in the future. We do tkidfj allocating limited resources over time
and over alternate product mix options, and second by geitines in a way that maximizes the value of the
goods we wish to sell during each sales cycle. Resourceagibmcdecisions can be informed by experience
in the past, and by observations in the present. The econamime model encapsulates past experience
and observes current market price data, giving us currehégpected market prices. Other observable data:

e (Cis the set of all available component types, ghid the set of all goods (product types) that can be
built and sold. Each good is made up of aGgbf components.

e On each dayl, customer demand is represented by &&ebf customer RFQs received by the agent.
Each RFQ- € R, specifies a product typg, a lead time of,- days, a quantity,., and a reserve price
pr. Reserve price is uniformly distributed betwe#t™ andp™a*. Details and semantics given in [1].

e Customer demand is projected into the future over some pigrimorizonh. We model customer
demand with the help of a Bayesian inversion method.

e Atthe beginning of any given daj; the agent has an inventory of raw materials consisting iwipzder
parts, and an inventory of finished goods consisting of difiecomputer types.

From this data, we would like to find a way to set prices and nudfers to customers that maximize the
agent’s overall profits. We assume that the prieeee,; , = f(Da,y, Aq,y) Sustainable by the market for

a given goody on a particular dayl is a function of the demanf); , and the quantity of goods the agent
wishes to sell, thallocationor sales quotal; , for goodg on dayd. The profit per unit for goog to be sold

on dayd at a priceprice, , is given by®, , = discount(d)(price, , — cost(Cy)). We include the discount
term as a rough approximation of inventory holding cost.alt also be used to encourage early selling, as
a hedge against the uncertainty of the game. &ffective demanélinction D ﬁ = f(Da,g, pricegy ) for

our goods will be some function of the pricgsice, , we wish to charge. The total profit over a planning
horizon ofh days for the set of goods is then

h
= Z Z Dy, A0, (4)

d=0 geg

11.25 is the maximum normalized price that customers in TAGS(Ee ever willing to pay.



This is what we wish to maximize, by computing values for,, subject to the following constraints:
1. We can'’t sell more of any product than the effective denstriie price we wish to charge.

2. For any given period of time from now until the planningion &, we can sell goods that we have
in inventory, and goods for which we have the necessary paittsentory.

3. The agent’s factory has limited daily capacity

The outcome of our objective function (Eq. 4) is daily salastgsA, , for each good. The next step is to
set prices so that we sell what we intend to sell, in a competibarket. In the last section, we described a
model for estimating the probability of a customer placingoader as a function of pricB(order|price).

But the quantity we sell is just the effective demand mukiglby the probability of order at the price we
set. So to sell our sales quota, we neggd, = P(order]pm’ced’g)D;g. Once the strategic sales process has
determined daily sales quotas, the next step is to set piocasir goods that will yield maximum profit.
This amounts to finding, for each good, the valueyfaice, , that satisfies the relation

Ad,g
Djﬁ;

= P(order|price,,) (5)

This could be solved analytically or numerically, assuming have reasonable functions fﬁ)refz and
P(order|pricey ;). In general, however, one or both of these functions argylikebe empirically-derived
histograms. Under the previous assumption of most salesmeg close to a market clearing price, we can

approximateDsg usingprz’ce“t reducing the computation to finding the valuepoice,, , that satisfies

Ad,g

———>2—— = P(order|price (6)
D ﬁ(przceff;) ( | t9)

The resulting customer orders provide an additional sifpoah the market that can be used to refine our
estimate OfpmceeSt If Oq,4 is the number of orders placed for gog@n dayd (as a result of offers made
on dayd — 1), then a refined estimate of the actual market prices on ﬁtwpdce“t can be found by
finding an adjusted probability distributidh®¥ (order|price,_; ,) such that

Od,g

D;jzrl’g(priced,l,g)

= P“dj(order\pricedfl,g) (7)

and computing an estimated actual prszecegc_tlvg such that

Ad_17g

Dfﬁl’g(priced_lyg)

= P“dj(order\pricegitl,g) (8)

5 Performance evaluation

We implemented both the Markov prediction (MP) and expoiaéatnoother (ES) prediction methods in a
version of our MinneTAC TAC SCM agentand ran multiple gamgsimast a set of well-known competitors.
The agents used in our experiments were obtained from the SBM agent repositofy In addition to
MinneTAC, we selected four other finalists from the 2006 cetitjpn, and an agent from the 2005 compe-
tition. For our experiments we use a controlled servertaYgrgames, each with a different pseudo-random

2http: // www. si cs. se/ t ac/ showagent s. php



sequence, with MinneTAC and the five other agents, and theiWgugames with thesame market factors
(the same set aV; pseudo-random sequences) with a modified MinneTAC and the sat of competing
agents. We use three different versions of our MinneTAC ageacth using different models for strategic
decisions (price and price trend prediction) and for tattiecisions (order probability calculation). For
strategic decisions we used two different price predicti@ihods. The first is a price-follower method (an
exponential smoother predicts future prices, without gisimegime model), while the second uses regimes
with Markov prediction as described is Section 3 (calleddiRee-M” in Table 5). For tactical decisions we
used two methods to calculate the order probability. Theiira simple linear interpolation between the
smoothed minimum and maximum prices, the second uses theeegodel and makes predictions using
the exponential smoother (called “Regime-E” in Table 1.

Experiment | 1 2 3 _ _
Strategic: Follower | Regime-M| Regime-M Table 1: Experimental results with re-
Tactical: Linear Linear Regime-E peated market conditions and three varia-
Agent Mean Profit/Std. Dev. (in $M) tions of MinneTAC for order probability,
price and price trend predictions. Mean
TacTex 8.75/5.68| 8.87/5.60 | 9.21/5.39

profit and standard deviation results are
based on 23 games. Regime-M uses the
regime model with Markov prediction pro-
cess, and Regime-E uses the regime model
with exponential smoother lookup process.

DeepMaize | 8.84/4.63| 8.71/4.85 | 8.32/4.18
PhantAgent | 8.05/5.42| 7.99/5.38 | 8.17/5.44
Maxon 4.24/4.52| 3.77/4.29 | 4.02/4.18
MinneTAC | 1.35/3.70| 1.81/4.02 | 2.12/3.76
Rational 0.74/4.91| 0.67/4.69 | 1.31/4.53

6 Conclusionsand Future Work

We have presented an approach for strategic and tactidal@iemaking in a competitive sales environment,
based on predicting market prices and price trends, ogtigiigroduct mix and resource allocation, and
estimating the probability of receiving an order for a giedier price. Currently we are working on weighted
regime ensemble prediction, which means that the diffggegdictions models get rewarded depending on
their performance. We intend to apply our method in other@omsuch as Amazon.com, eBay.com, and
in financial applications like stock tracking and forecagti
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