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Abstract. In this paper a brief description of the Trading Agent Competition
(TAC) Classic and the problems that agents must face are presented. Moreover,
episodes are proposed as a solution to predict the closing price of hotel rooms for
a bid in the competition. To do that, a five layer neural network is used and, after
upgrading the original neural network twice, the results, obtained from 20 games
among dummy and other agents are shown.

1 Introduction

The Trading Agent Competition (TAC) has been organized during many years ago. In
this competition, travel agents compete against each other in order to better satisfy the
requirements of their customers. What makes the game interesting is the fact that every
trading agent is a software agent and, it is specialized on selling travel packages to de-
termined customers. Each travel package includes flights and hotel room reservations
as well as tickets for entertainment activities of the customers [1].

The main problem is that every travel agent must propose to its customer the best
day 1o travel, according to the conditions of the market, the customer requirements on
hotel quality and desired entertainment and, flights availability. Travel agents work in
an autonomous way, i.e. they must be able to take decisions on their own. To do so, an
architecture that includes the following components has been proposed: (a) learning
schemas that allow agents to adapt their behavior to the current environment, (b)
mechanisms to interact with the platform and other participants and (c) capabilities to
analyze the changing conditions on the market.

Many papers have been written about the TAC Classic, and some of the production
of 2004 and 2005 is referred. For example, Sardinha et al 1 present a multiagent archi-
tecture that solves this problem. Here, each agent of the system specializes in a part of
the market, and it can predict the purchase prices of tickets in the following next days
by checking the room availability. This multiagent system considers a learning archi-
tecture that is supported on a knowledge base which is created during the game time.
Pannos Toullis et al2 approach the problem by using fuzzy logia and reasoning rules to
predict the room prices, by considering available historical data. Trying to efficiently
assign the amusement shows, they design a strategy that guarantees the requirements of
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each client. Michael P. Wellman et al. on 3 proposes a hierarchical distribution of the
original problem, by analyzing and predicting the behavior of a rival agent. Against one
rival, the Walverine agent may predict the whole of its behavior. Against two rivals, the
agent may predict a 74.1% of their behavior. But if the rivals are extended to four of
them. the agent may predict only the 2.4% of their behavior. In general, those proposals
consist on multi-agent systems that allow the specialization of each subagent on a part
of the whole market.

Our research has been done in three different phases: an analysis of the conditions of
the environment where agents participate; a study of the platform where the competi-
tion takes place; and the design and implementation of a Neural Network that can pre-
dict the closing bidding prices for the hotel rooms. The paper is structured as follows:
Section 2 gives a brief description of the TAC Classic. Section 3 describes the main
problems of the game. Section 4 shows the design of the neural network that can pre-
dict the closing bidding prices for the hotel rooms. Section 5 presents the results for the
local tests over the neural network itself. Finally, Section 6 contains the conclusions
about our results.

2 The TAC Classic Description

The TAC Classic provides a platform where simulations of games can be done. The
platform is in charge of the following tasks: hosting the participants; activating the
agents once the simulation starts and removing them once the simulation ends; and
providing relevant information from each round. Some of the data obtained from the
platform are used as configuration values to participate on further simulations. These
data consist on the bidding for hotel rooms, flights and entertainment shows prices.

In each TAC Classic game, 8 travel agents participate. These agents organize travel
tours from TACTown to Tampa for eight different customers during an imaginary pe-
riod of 5 days. Customers express their preferences for every aspect of the trip, Their
preferences are represented by a utility function [1]. The goal of each agent is to maxi-
mize the total utility of their customers. Agents compete against each other to obtain
the best result on assembling the tours of their clients. They participate on 28 bids. A
tour consists of a round flight, hotel reservation and tickets for entertainment events
such as the alligator wrestling, an amusement park or a museum.

Each one of these goods —flights, hotel reservations and entertainment events- are
traded in separate markets with different rules as following:

There are two hotels in Tampa: Tampa Towers (TT), which has a high price because
it is the most comfortable hotel, and Shoreline Shanties (SS) which is the cheapest op-
tion for traveling to Tampa. Once the hotel has been assigned, it cannot be changed
during the staying of the client in Tampa. Since the client needs hotel on his arrival
night and until the pre-departure night, there is no hotel available on the last day of
game. To get a room, the agent must participate on ascending auctions: one auction for
each combination of hotel and night, each with 16 rooms being auctioned off. The price
of each hotel is based on the customer preference for the Tampa Towers Hotel. The
agents are not allowed to exchange hotel rooms between themselves. For a deeper
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specification of the other parameters such as flight reservations and entertainment
events, we recommend to check [1].

Regarding hotel rooms, each agent must send an offer for the auction. While it is
open, the auction price is updated with the current values. All of the bids are presented
as a pair (q, p) where q is the quantity. and p is the price offered by the agent. If q is
less than zero, then it is indicated that the agent wants to *sell’ a quantity q of tickets on
a base price p. If q is over zero, then the agent is interested in ‘purchasing’ certain
quantity q of tickets by paying p. The client preferences are specified as follows: The
day when they wish to arrive to Tampa (PA); the departing day from Tampa (PD); a
prize for assigning the best hotel (HP) -this value is between $50 and $150-; and a prize
value for assigning an entertainment type -on a range between $0 and $200 according
to the customer preferences: AW for alligator wrestling, AP for amusement park, and
MU for museum.

The tour is specified by using these variables: the arriving day (AA), the departure
day (AD), and a binary value (0 or 1) that indicates whether the Tampa Towers was se-
lected (TT?).

The tour is feasible if it contains the hotel reservations for each night between the ar-
rival and departure dates. The shortest stay on Tampa is for one day, and obviously the
customer will not stay at the hotel while flying back to TACTown. It is important to
remark that the obtained prize for reserving the Tampa Towers on a travel is for the
whole tour and not for each night spent in Tampa.

The winning agent is the one that obtains the highest score of the game. The score is
obtained from the obtained utilities less the costs for each tour. The profit of each client
is measured in dollars and is calculated by the following utility function:

u = 1000 - travel_penalty + hotel_bonus + fun_bonus 0))
where: travel_penalry = 100%(|AA - PA| + |AD - PD|);
hotel_bonus = TT? * HP; and
Jun_bonus = AW?*AW + AP?*4AP + MU?*MU.

The parameter hotel_ bonus can be $0 if the client is not assigned to the Tampa Towers
(TT?=0) for staying. If he is assigned (TT?=1) the hotel price will take the HP value
defined previously, and it is added to the general utility.

3 Problems to be solved by the Agent

Agents should be able to offer clients optimized tour packages that satisfy most of their
needs. Therefore, it is important for agents to get a reservation at the Tampa Towers in
such a way that the pair arrival-departure days are in accordance with the desired stay-
ing days. In addition, agents must also get the required entertainment events for the
staying days in Tampa.

One way 1o solve the problem is by programming separate modules that solve a part of
the whole problem (i.e. dividing the problem into sub-problems, see Figure 1). Then,
the agent makes its own decisions by considering the solutions found by each module.
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Each module has been designed to operate different kinds of transactions, such as
the hotel rooms by using English auction and the flight prices by using a stochastic
function. Once the agent predicts the next possible scenario, it consults the possible
strategies and the tasks that it should perform to confront the stage, and finally it saves
the results of applying the current strategy. Once the decisions are made, the offers are
sent to the server. One of the most important problems during the game is to guarantee
a room for the clients during their stay in Tampa. To solve this problem, an artificial
neural network is proposed, such as He et al [5] did.
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Fig. 1. Problem solution by programming separate modules.

To get the hotel rooms the agent must participate in auctions. The format of the auc-
tions for the hotel rooms is English Standard, it means ascending from one to many.
The only modification is that the auctions are closed randomly on every minute of
game. Each auction is closed randomly during the eight minutes of the game. The agent
does not know previously which auction will be closed during the next minute. Each
hotel offers 16 rooms per night, on a minimum price of $0.

The requested price is announced every minute, and it is calculated by considering
the sixteenth highest price of all the bids. When an agent makes a new bid, the sug-
gested price must be higher than the one established, by considering the following
rules: the offered price of a new bid must be at least one unit higher than the requested
price. If the current offer acquires q rooms, the new offer must request at least q rooms,
at least one unit higher than the requested price. Agents cannot retreat their bids. When
an auction is closed, the 16 units with the highest offered prices will be sold and agents
will pay the requested price. Since the requested price is known only every minute of
the game, it is not sure that for an offered price, that the agent can obtain the required
rooms. A possible solution can be found by trying to predict the requested price and
make decisions about how much to spend for the required rooms.
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4 Designing the Neural Network

The factors that are considered to predict the closing price of an auction are, first, the
customer preference for the hotel type (Pref). A higher preference for the room tends to
increase the offered price for it. Pref is fuzzily defined with the values Low, Medium
and High. We also consider the average closing price on previous auctions for the same
room (Prom). Some rooms tend to be more required, so the offering price could be in-
creased. The fuzzy values for this variable are Low, Medium and High. Another factor
that is considered is the distribution of the closed auctions (Disr). If the auctions of the
hotel rooms on the closer days to the current auction are closed, the price for the same
room may tend to increase because clients cannot change the hotel during their staying
at Tampa. The fuzzy values considered are Spread, Half and Gathered. The only values
this variable can take are (a) 0 if no auction from the two nearest auctions to the current
day has closed; (b) 1 for one of the two auctions that has closed; and (c) 2 if both auc-
lions are closed. For the expected price (Price) five fuzzy values were considered:
Very_Low, Low, Medium, High and Very_High. We create 27 rules of fuzzy reasoning
and a 5-layer neural network.

The values for the input variables correspond to the first layer. Each node in this
layer returns a belonging value for the input. For the cases of the values of Pref and
Prom, a normal distribution functions is given as follows:

-y
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Where x is the input value and the parameters X and O are fixed when the neural net-
work learns from its environment in order 1o reduce the prediction error for all of the
corresponding nodes 1o the variable Pref. For all of the nodes related to the variable
Prom, the parameters X and & are calculated as follows:

Let MB 1o be the lowest average price, and CS the highest average price, then:

CS+5MB ok
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It can be observed that the assignment of values for these parameters depends on the
general behavior of the auctions, and it does not depend on the neural network itself. It
means that the assignment is not fixed through the learning process. To determine the
factor Dist, a discrete activation function is used, it is given by:
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Where the values a, b and ¢ € (0,1], and they are fixed when the neural network learns

to decrease the prediction error. The second layer belongs to the inference rules. This
layer determines the strength of the rule by multiplying all of the inputs:

S?=p = Hsj(,‘) fori=1...27 (6)

jecf?

Where C,.(') is the group of nodes from the first layer, that pass information to the i

node on the second layer. The third layer calculates the importance degree for each
rule, or in other words, the relative strength of each rule by following the function:

SFJ) =pv'= Pi (7)
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Where C? is the group of nodes from the second layer that correspond to the i node.
The fourth layer accumulates the weights of each rule, by considering the same output,
to generate the value for the output variable, by applying the following function:

Si(d) = Zp'j 8

jEC‘U)

Where C ,.(3) is the group of nodes from the previous layer that corresponds to the i

node of the current layer. Finally the fifth layer gathers all the values of the fuzzy out-
put variables from the fourth layer, with their assigned weight as follows:

SO=F @ 2.7 ®

iect¥ jECf”

Where C is the group of nodes from the fourth layer. Once the price is obtained on
the output of the neural network, if it is smaller or equal to the requested price in the
current auction, then the requested price is taken, and increased over a 10%, as the next
offering price. A second version of the same neural network can be obtained by consid-
ering the current asked price Asked_Price as an input on the first layer, instead of the
customer preference Pref. Using the same fuzzy rules the functioning of the new net-
work is explained as follows: A current asked price Asked_Price means that some
agents are pursuing the same auction, and then it tends to increase the next requesting
price. During the training of the neural network the parameters are adjusted, in order to
guarantee the learning of the network itself. The main objective is to minimize the error
value, which is calculated by:

E= Z%(Yj =37 (10)
J
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Every time that a new group of data is received, the output values of all the nodes are
saved, in order to calculate %€ of each node. These values are considered on the appli-

cation of the optimizing algorithms to minimize the errors on the calculations. The first
adjusted parameters are the r; parameters that are on the fourth layer. The applied tech-
nique, as applied on the paper of He et al. [5] is based on the optimal direction of
maximal decrease:

rt+1) = r(t)+q(—%€) amn

Where 77is the learning factor, that is initially considered as 77 =.01. The inference
rules to adjust the parameters r; in the fourth layer is:

OE _ 8E a5“ a5

T = oo =(S®_y ' 12)
or, " 559 o5 an ) 2.7
Then, r; is updated as follows:
R+ =r0-nS® -1 Y p, o
jEC,”’

The following parameters that must be adjusted are x and & for all the nodes of the
first layer that correspond to the input variable Pref. The implemented technique is

based on the optimization by targeted gradients. Let it be g, the gradient of the itera-

tion 7 (r>1), then the new search direction is obtained by combining the current maxi-
mum descent direction against the previous direction, that is:

pl =_gl +ﬂlpl—l (14)
By using Fletcher-Reeves’s Upgrade it is obtained:
A @s)
ﬁl T
gl—]gl—l

Then for modifying the learning rules for the parameter X, a gradient that considers
the next partial derivative as the error function —where Cff) is the group of nodes from
the second layer that are connected with the i node of the first layer as follows:

LS e (16)
0xi o\ OSSP oS oxi
OE _ oE_os;” |as,, os;” a7
Oxi  icto| 5o\ 85D 88D | asP o

where:
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The rule for adjusting the parameter x; is:

xi(t+1)=xi(r) +7p, 18)
where

OF

b, =-gl+plpl T and & =
6x1

Similarly for &; the adjusting rule is calculated from:

oE OE 95™\oS® s
T G @) T (19)
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650 _ 5 (=%
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The rule for fixing the parameter J; is:
5,(t+1)=5,(n+mp, (20)
where
: OE
P =-8+Pp.: and g - 6_51

For the nodes of the first layer that correspond to the variable Dist, the parameters a, b
and ¢ must be adjusted by using the same technique of conjugated gradients. Only one
difference must be applied because a discrete activation function must be applied, so to
find a direction to reduce the error, the Lagrange Interpolation is proposed. For this
particular problem it is used:
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Once the polynomial is obtained, the adjusting rule for the parameter a can be calcu-

lated, as on the parameters X and & from the formulae:

OE _ y (> OE 85 )65® as™
aai meCi,z) keSg,,’ aS‘(’:‘) aSr(nZ) aSi(l) 60,—

where
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The adjusting rule for the parameter a; can be defined as follows:
a;(t+1)=a,(1)+7p,

where

P, ==& +ﬂlpl—l ; and 8, = i

Similarly, the adjusting rule for the b parameter is calculated from the formulae:

OE _ OE 85 as? as®
b, 5ol as® as@ Jas™ o,
where
a5
a_f;-‘ = _(xi)('xi i 2) )

And the adjusting rule for the parameter b; is defined by:

b,(t+1)=b,(1)+mp,

where
p=-g+fp,: ad o _OF
ab,

Finally the adjusting rule for the parameter c is calculated by:

(22)

(23)

(24)

(25)
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Then the adjusting rule for the parameter c; comes from:

c(t+)=c, () +7p, @7
where
p, =& +ﬂrp1-!; and g, = ?—E
Oc;

It can be observed from the characteristics of the interpolation and because it is a dis-
crete function, that the error differential caused by the parameter variance is many
times zero. This value brings itself a problem with the update value, because it be-
comes undetermined. When this happens, an updating value is proposed by default,
p=1. Due to this situation, a third version for the neural network is proposed. This

version includes the updates made from the second version and some modifications of
the calculation of the values for a, b and c. This is made by implementing the maxi-
mum descent method, and it is indicated as follows:

a(t+1)=a(r)+ n(—a—E) (28)
oa
OE
= B (29)
b(r+1) = b(r) +n( m )
c(t+)=c(t)+n(- QE) (30)
oc

Where, the differentials are calculated by using the same formulas from the first and
second version. In the next section, the obtained results from the performance of the
three versions of the neural network are presented.

5 Obtained Results

Many tests were developed in order to find the most efficient of the three versions of
the neural network. The tests were made on a local server by simulating 20 games of
the TAC Classic, for both learning factors 0.01 and 0.001, with the three implemented
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versions of the neural network. The main objective is to find the best behavior for the
prediction of the hotel room prices. To make the tests, two agents from the TAC Agent
Repository [6] were downloaded and installed to compete in the platform ~—UTTA06
and MerTACor. The agents and the server were executed on the local network.

The three described versions of the neural network were tested, each with different
input variables and optimization techniques. The networks RN1 and RN2 have the
three input values —Preference, Average Price and Distribution-, and uses Conjugated
Gradient for optimization and learning. For the third network RN3, only the Distribu-
tion input values were tested with Maximal Descent Optimization technique.

By using the learning factor f = 0.01 with RN1, the average prediction error is calcu-
lated in 49.5024696, with RN2 it is 56.233856, and with RN3 the error was

53.3619775. Considering a learning factor f = 0.001 the Average Prediction Error for
RNT1 is 59.7812932, with RN2, 52.07654 and with RN3, it is 52.0490384.

6 Conclusions

In this paper, the output and input values for the problem of the prediction of the hotel
room prices were defined. Twenty-seven rules were established in order to build a neu-
ral network of five layers. The learning techniques implemented on the neural network,
by using discrete activation functions was also explained, and is considered as the real
contribution of this paper.

By changing the controlled variables, three different versions of the neural network
were developed, named RN1, RN2 and RN3. By analyzing the obtained results on the
presented tests, it can be inferred that RN3 with a learning factor f = 0.001 offers the
best behavior of all the implementations. Then, an agent with this network will be used
1o predict the prices on the room hotel auctions.

A heuristic to solve the assignation problem for bidding prices for tickets for the
amusement shows has been designed, and for the assignment of the remaining tickets a
differential equation has been proposed. At this moment, we are at the testing phase of
the agent; we are currently analyzing how the maximum income is guaranteed by de-
pending on the constructed tour packages.
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