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Abstract

The Trading Agent Competition (TAC) combines a fairly realistic model
of the Internet commerce of the future, including shopbots and pricebots,
with a challenging problem in automated reasoning and decision making.
Automated trading via auctions under severe time constraints are to be con-
ducted by entering autonomous agents into TAC, assuming the role of travel
agents. The TAC game rules, as well as a description of the discrete op-
timization problem faced by an agent that wishes to allocate goods to its
clients, are described. The TAC’01 entry “006”, encapsulating a constraint
programming solution, is explained in some detail.

1 Introduction

SICS, Swedish Institute of Computer Science AB, entered an agent named “006”
in TAC’01, the 2001 Trading Agent Competition, the second in a series of open-
invitation events organized by the University of Michigan. The main goal of TAC
is to stimulate research into, and design of, shopbots: agents as representatives
of clients seeking to acquire goods in competitive Internet auctions. An overview
of the first event (TAC’00) and the general philosophy and motivation has been
published in [32]. There has also been published a description of the agents that
reached the finals [12], as well as detailed presentations of the best performing
agents [29, 11], and some of the others [10].
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A presentation of the second event, which was considerably more challenging, can
be found on the TAC home page [31], with presentations by many of the agents
that reached the semi-finals. Several more detailed descriptions are presently be-
ing prepared, and at least one is widely circulated [35], although apparently not
yet available on the web at this time. Both the first and the second event have
generated significant attention in the general press [5, 20, 13, 7, 16, 30, 6, 22].

The TAC scenario is on the one hand a prototype for problems that will come up
as e-commerce advances into more complex domains: an agent represents eight
clients, with characteristics known at run-time, and has been assigned the task of
delivering to each of them a travel package. This is a bundle of goods consisting
of an in-flight (mandatory), and out-flight (mandatory), rooms in one hotel during
the nights on location (mandatory) and entertainment tickets (optional).

The agent receives from each client a lump sum for a delivered travel package,
and bonuses for the choice of hotel and entertainment tickets. All the goods to be
bundled have to be acquired on 28 separate on-line auctions, one for each good,
and all running on the Michigan Internet AuctionBot server [36]. One run of
this game, with eight agents each representing eight clients, is known as a TAC
instance. The actual competitions, both TAC’00 and TAC’01, have taken place
over many round-robin TAC instances, first in large number of qualifying and
seeding rounds, and then in a smaller number of semi-final and final rounds.

On the other hand, the TAC scenario can be seen as a general procedure of auto-
matically distributing goods to clients that hold non-additive utilities. As such it
can be contrasted with other procedures in several ways. One is privacy: a TAC
client transmits its preferences to its agent, but the agent should transmit them no
further, and only interacts with the auction server by placing bids. The agent there-
fore reveals relatively little of the aggregated demand curve of its clients to the
server and the surrounding world. Another is economic efficiency: if the clients
transmit their preferences to a server, the server could then instead compute the
optimum. This would solve the resource allocation problem with one large com-
binatorial auction. The outcome of a TAC instance is seldom optimal. Computing
the optimal allocation is a computationally difficult problem [25, 27, 1, 28], and
it is an open question how well such an approach would scale up in practice. It
also requires that the clients reveal more of their demand curve to the server, and
therefore goes against the privacy dimension. For a discussion, see [2].

Another aspect of TAC is that of distributed computation. The intelligence in TAC
resides in the agents. Relative to their clients they have to solve a combinatorial
optimization problem, where goods acquired by the agent are packaged into bun-
dles, and delivered as such to the clients. In fact, the problem facing the agent in
this respect is completely equivalent to that of an auctioneer determining winning
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bids in a combinatorial auction. A successful TAC agent must therefore make
use of similar integer programming techniques, as in [29, 11], or, alternatively, as
here, of techniques of constraint programming.

Relative to other agents, the TAC agents instead have a strategy problem. To
determine which strategy to use in a competitive situation is not easy [23]. If a
game is played out many times among many players using deterministic strategies,
and if the weaker players are weeded out, then a collection of players should
evolve to a Nash equilibrium according to the “mass-action interpretation” of the
Nash theory [21, 17]. There can however be many different equilibria, and which
strategy to choose hence depends on which other strategies are present. In TAC
the number of players is not large, and as long the agents do not use generalized
strategies, a Nash equilibrium is not assured; furthermore, the weaker players are
not weeded out, so the mass action interpretation does not apply. This essentially
means that there is no known way to compute a priori the best course of action.

Agent methodology presents mechanisms for encapsulation of preferences. The
encoding of information as server-readable data, which can then serve as input to
an optimization algorithm, is an interesting feature not only of TAC, but of any
agent approach to automated trading. While the determinism of the basic match-
ing service cannot always be allowed to be disturbed by such novel approaches,
electronic trade is steadily increasing. Definitions of agents also present Quality-
of-Service in exchange systems in general, through the formulation and evaluation
of complex orders.

There is an intellectual tradition of computer experiments in competitive strategy
games, and in these experiments simple and robust strategies often do quite well.
In the first Prisoner’s Dilemma competition, the best strategy was the very simple
Tit-for-Tat [3]. In the Santa Fe computer double auction tournament, the best
was the also very simple “Steal-the-Deal” [26]. In retrospect, TAC’01 offers a
further example. The winning strategy was “livingagents”, which was perhaps the
simplest to reach the finals, and the strategy of which could actually be deduced
from the bids it made. 006 used a more complicated strategy, and did much worse.

The paper is organized as follows: in section 2 we describe the idea of the strategy
used by 006, and in sections 3 and 4 we describe the constraint programming
solver and the overall architecture of the agent as implemented. Section 5 tells
the story of how 006 did up to the finals, and why its strategy was relatively
unsuccessful. Section 6 sums up the presentation, and discusses the choices made
and the lessons learned for the future. For completeness we summarize the most
important information on the rules of TAC’01 in appendix A.
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2 006 — the strategy

2.1 The execution loop

The main strategy of the agent was to only make repeated locally optimal adjust-
ments to the goods it currently held. This was later adjusted for flights, as the
agent ended up with unused flights. The strategy was as follows:

e Collect price quotes
Get updated price quotes from the auctions.

e Compute Marginal Costs

For each type of goods, calculate a marginal cost vector p = (py, ..., Ps)
where p; is the cost of changing from the current amount to 7. If we already
have 4 units of the goods, p; = 0. If we need to sell goods to get 4 units,
then the cost is negative, otherwise it is positive. When the goods cannot be
bought (perhaps because the auction has closed), the cost is set to infinity,
and when it cannot be sold, it is set to zero. Since the agent does not know
the true marginal costs p;, the costs are somewhat naively estimated from a
mix of historical data (mean) and current prices (see below).

e Compute Allocation
The constraint solver, described in section 3, computes the optimal amounts
of goods to have, given that the goods can be acquired at the marginal costs
above. The solver is an anytime algorithm that produces increasingly better
allocations. We run the solver for about 10 seconds, which works reason-
ably well.

e Bid

The bids are computed from what we already hold, what is currently bid
for, and what is required from the allocation step above. The maximal price
to bid for the resources is the amount that was specified in the marginal cost
vector. For event auctions we increase the bid toward the maximal price
exponentially, but for hotel auctions we bid the maximal price immediately.
This is because hotel quotes only are updated once per minute, and one
hotel auction closes every minute.

The flight auctions are handled differently as they pose a kind of real option
problem, i.e. act now or act later. Several different heuristics were tried.
The one that was used in the competition tried to avoid buying flights that
would be unused by finding the flights that were most likely to be needed.
This was done by calling the solver several times with both high and low
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price estimates. Flights that were always allocated were bought early on.
The rest of the flights were bought as normal goods, but only after five
minutes of play.

o lterate
When the bids are placed, monitor the auctions to see if we are allocated
resources, bids become invalid, or if an auctions closes. If so, return to the
first step. When the game has ended, terminate the loop.

2.2 Comments

We did not realize at first that the price quotes from the hotel auctions were not up-
dated continuously. We therefore initially believed that hotel prices would go up,
and that one would be able to track these prices closely. If an optimal allocation
did not use all hotel rooms for which the agent had valid bids, we assumed that
the agent could simply stop raising its bid on these rooms, and that they would
then drop out of these auctions after a while. Although hotel rooms can not be
sold and bids for hotel rooms not withdrawn, we hence assumed that superfluous
hotel rooms was not going to be a problem.

Since flight tickets can not be resold, we wanted to test various variants to the
above, as concerns these. We tried

e treat flight tickets like any other good, i.e. buy them whenever the solver
says so. This generally led to the agent buying many flight tickets in the be-
ginning, and then buying more at a later stage, when the solver had decided
another allocation pattern was better.

e buy flight tickets according to a delayed tactic; generally only at specified
times, and then only a fraction of what the solver told us. This often led us
to buying flight tickets somewhat late in the instances, and paying compar-
atively high prices.

In the final stages of the competition we used a variant of the delayed tactic, as

described above.

As noted above, our estimates of expected prices were not very sophisticated. We
used the following:

e the expected prices of entertainment tickets were the latest available prices,
separately for bid and ask.
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e the expected price of a flight ticket was the expected price at the time of
purchase. If we were using a strategy that called for purchasing the ticket at
a time T in the future, we used the expected price at 7', given all that was
known up to the current time ¢.

e in the beginning of an instance the expected prices of hotels were the av-
erage prices of these hotels in previous rounds. As time (¢) progressed we
monitored the actual price P; in the current instance. We assumed that this
price would grow linearly until that auction closed, which provided an ex-
trapolated expected price T./tP,, if T, was the expected closing time. We
compared this estimate, from the current instance, with the average from
previous rounds, and used the largest of the two as the expected prices of
the hotels.

It is an easy observation from the data, that if the auction of rooms in one
hotel on one day closes, the prices of the rooms in the other hotel on the
same day tend to rise. Hence, as soon as one hotel had closed on some
day d, the average price of the other hotel on that day was taken to be the
conditional average in previous rounds when the hotels closed in the same
order. No attempt was made to extract more information on hotel room
prices from the order of closing of the auctions.

3 The Solver

The task of the solver module is to compose a trip package for the clients so that
the net agent utility is maximized. That utility is the difference between the total
client benefit and the total cost. The cost and benefit functions are given to the
solver module extensionally (as tables). We use a constraint programming over
finite domains (CLP(FD)) [34] approach to this optimization problem.

3.1 Variables

All variables X range over an interval r of integers, denoted X € r.

3.1.1 Problem Variables

One of each variable per client c.

e T, € 0..1 1 denotes a trip was allocated,
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e A, € 0.4 arrival day (0 denotes no trip),
e D_ € 1..5 departure day (1 denotes no trip),
e H_ € 0..11denotes good hotel,

e E,. € 0.3eventonday d € 1..4 (0 denotes no event).

3.2 Cumulated variables

These variables are simply functions of the problem variables, and range over 0..8.
d € 1..4 denotes a day.

e A, : number of arrivals on day d,

e D, : number of departures on day d + 1,

e C; : number of cheap hotel rooms on day d,
e G4 : number of good hotel rooms on day d,

e E, , :number of event e tickets on day d.

3.3 Objectivefunction

Let 5 : ¢ x x — Z denote the benefit of commodity = for client ¢, and let
m:d xnxx — Z denote the price of n items of commodity = on day d. These
functions are given as input data. The objective is to maximize the following
function:

Zcel..s(looo T+ 5(140) + ﬁ(DC))
+ Zcel..S(ﬁ(Ejl,c) + 5(7E2,c) + @(E3,c) +ﬁ(E4,c)) (31)

= aer1.4(m(Ag) + 7(Da) + 7(Ca) + 7(Ga))
= aer.a(m(Era) + m(Eoa) + m(E34))

3.4 Constraints

In this section, [E = y] denotes 1 if the equation E = y holds, and 0 otherwise.
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Link constraints for tickets. These constraints link problem variables for flights
and events to cumulated variables. They are encoded as six global cardinality con-
straints [24], but are given below in a more basic form.

Vdel.d: Ag= ) [A. =d| (3.2)
c€el..8
Vi€l.4:Dy= ) [D,=d+1] (33)
cel..8
Vi€ 1.4Ve € 1.3: Egg= Y  [Eqe=¢] (3.4)
cel..8

Link constraints for hotel rooms. These constraints link problem variables for
hotel rooms to cumulated variables. They are encoded as a single cumulatives
constraint [4], but are given below in a more basic form. For this purpose, we first
need to introduce new cumulated variables:

e A¢ : number of arrivals on day d for clients staying in the cheap hotel,

A¥ - number of arrivals on day d for clients staying in the good hotel,
e D¢ : number of departures on day d for clients staying in the cheap hotel,

e DY : number of departures on day d for clients staying in the good hotel.
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Viel.4: Ay = > [Ac=d]-(1- H,) (3.5)
cel..8

Vdel.4: A5 = > [A.=d]-H, (3.6)
cel..8

Vie1.4:D§ = Y [D.=d+1]-(1-H,) (3.7)
cel..8

Viel.4:D4 = > [D.=d+1]-H, (3.8)
cel..8

C, = A¢ (3.9)

Cy, = AS+ A5 DS (3.10)

Cs = D5+ D§— AS (3.11)

Cy, = D (3.12)

G, = A (3.13)

Gy = A{+A}-Df (3.14)

Gs = Dj+Dj— A (3.15)

G, = D (3.16)

Arrival precedes departure.

Vee1.8: A, < D, (3.17)

Trip constraints. If no trip was allocated for the client, then 7, = 0, A, =
0,D,=1,FE,=Fy,=F;,=FE,. =0,otherwise T, =1, 4, > 0, D, > 1.

Veel.8: T, =0+ A, =0+ D, =1 (3.18)
Vec€1.8:T.=0—H,=E,,=Fy,=F3,=FE;.,=0 (3.19)
Event constraints. A client can visit an event once only, and only between the

arrival and departure dates.

Veel.8Ve € 1.3: [Eic=¢€|+[Ese =€+ [Es. =¢€|]+[Es. =¢] <1 (3.20)

Veel8¥del.4: B, >0 A, <dAD.>d (3.21)
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3.5 Search procedure

CLP(FD) is an incomplete constraint solver. Having declared all variables and
posted all constraints, the constraint solver may not be able to detect global in-
feasibility, and we must resort to search, usually some form of backtrack search.
This is true also for the solver module’s search procedure, the details of which are
given below.

Search for optimality. For TAC, the search procedure should have the property
that it quickly finds a first solution, and then keeps finding progressively better
and better solutions. In a CLP(FD) setting, this is usually done with a variant of
branch-and-bound search: Given a solution that is best so far, the search is limited
to better solutions by bounding the benefit function (Eqn. 3.1) below. For each
new solution, the search is restarted with a tighter lower bound.

Avoiding useless work. When the procedure finds a solution, it also records a
trace [15] of the choices made on the way from the root of the search tree to the
solution. The idea is that bad choices, i.e. ones that did not lead to a solution,
should not be remade. When the search is restarted, this information is used to
avoid remaking bad choices.

Escaping from the trap of depth-first search. The main advantage of depth-
first search is its great memory efficiency: the search tree can be explored in space
proportional to a single branch. The main drawback is its sensitivity to search
order: the first choice made is truly critical, for it will not be undone until the rest
of the search space is exhausted. A popular way of mitigating this drawback is
Limited Discrepancy Search (LDS, [14]), which is simply depth-first search with
an upper bound to the number of backtracks on any path from the root. The solver
module uses LDS with an iteratively incremented bound.

Variable order. Let the rank of a client denote the client’s maximal utility. The
problem variables are assigned in the order: (i) arrival and departure dates; (ii)
hotels rooms; and (iii) event tickets. Within each of these three sets, the variables
are ordered by descending rank of the respective client.

Value order. Let the estimated value ¢(X = v) of an assignment X = v be
computed as the average of the lower and upper bounds of the benefit function
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(Egn. 3.1) under the assumption X = v. In a CLP(FD) setting, this is straightfor-
ward to compute.

When a hotel room or event ticket variable X is going to be assigned, the solver
module tries the values v in the domain of X by descending ¢(X = v). When
arrival and departure dates (A, D) are going to be assigned, the solver computes
the estimated value of each combination of values for A and D, and tries the value
tuples (a, d) by descending t(A = a, D = d).

4 The Agent as Implemented

The 006 agent that finally played in the 2001 Trading Agent Competition was
written somewhat quickly during the seeding rounds. Parts of the design was
however made earlier, in the work on the agent that participated in the qualification
rounds. 006 was developed in SICStus Prolog [8], including the solver (TAC
Optimizer), described in section 3.

4.1 The 006 Architecture

Figure 4.1 shows the architecture of 006. This section will describe the imple-
mentation of all parts except the solver.

4.1.1 Communication and Scheduling

This component handles the communication with the TAC server and the solver.
It also handles scheduling of other components that need to be active during TAC
games (auction handlers, etc). This is necessary because Prolog is single threaded.

4.1.2 Game Handler

This component is responsible for handling a specific game and is not initialized
until a game is started and the game’s client preferences have been received by the
agent. It setups the auction handlers for the game and handles the communication
between the auction handlers and the solver. The game handler also

e makes sure the solver is not started before quotes have been received from
all auctions. This ensures that the agent does not place any bids before the
TAC server has started its auctions.
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Figure 4.1: The 006 agent architecture

e handles the retrieval of transactions and reports them to the auction han-
dlers.

e restarts the solver to calculate a new client allocation whenever an allocation
has failed (or probably will fail).

e determines when a game has ended and handles the final score calculation
using the solver.

4.1.3 Auction Handler

This component is the super object of the flight, hotel, and entertainment handlers,
and contains all common code such as handling quote information, allocation,
bids, etc.

4.1.4 Flight, Hotel and Entertainment Handlers

Each instance of Auction Handler is specific to the type of auction and the type
of item sold at the auction. They will convert information between the internal
format and the solver format when interaction with the solver take place.
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All handlers have a default bidding strategy implemented, but most important is
that they enable plug-in of strategy handlers making it easy to experiment with
different strategies.

4.1.5 Strategy Components

Each strategy component implements a strategy for one type of auction and must
implement the following predicates (methods):

cal cul at e_sol ver _prices_i npl - calculates the (expected) prices that
is to be sent to the solver for a new optimization.

cal cul at e_new bi d_i npl - calculates a new bid based on desired number
of items, number of owned, current price. This happens when the solver
gives the agent “new orders” to follow (and there has not been any previous
bids on this item).

cal cul ate_repl acenent _bi d_i npl - calculates a bid to replace an old
bid based on desired number of items, number of owned, current price, and
the last bid placed. This happens when the solver gives the agent “new
orders” and there has been a previous bid.

updat e_bi d_|ist _inpl -updatethe current bid or signal that it is time to
send new price expectations to the solver. This happens when the current
bid is no longer valid (because of price increase, etc).

5 Results in the TAC’01 competition

SICS entered an agent in the preliminary rounds of TAC’01 that was incomplete,
and did quite badly. The organizers of TAC’01 nevertheless generously enough
invited us to partake in the seeding rounds. After a walk-through of the existing
code, it was decided to redo the implementation from scratch. Work began on
September 21, development continuing through the seeding rounds than began on
September 24. This agent eventually finished overall as number 17 out of 19, but
did relatively better toward the end of the seeding rounds.

For the semifinal heats, 16 agents were divided in quarters, with respectively the
top and bottom quarters fighting for half of the seats in the finals, and the two
middle quarters for the other half. 006 placed fifth in its own heat, and did there-
fore not advance to the finals. The semifinal results are summarized in Table 5.
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In points, 006 beat the next agent in its own heat by 1500, and the first agent in
the other heat that did not advance by 350. As discussed in the caption to Table 5,
differences by about 300 in the semifinals are not likely to be statistically signifi-
cant, and the scores in the “top and bottom” heat also tended to be a little higher
than those in the “middle” heat. All that can be said is that if 006 would have
been ready earlier, and would have qualified to the middle heat from the seeding
rounds, it would have had a better chance of reaching the finals.

The agent 006 was reasonably stable at the end of the seeding rounds. Its results
can therefore be taken to be as much due to the defects of the strategy, as to
remaining implementation problems. In retrospect, 006 as described above in in
section 2, was partially built on a misunderstanding of the competition rules. Only
when starting the second implementation did we realize that hotel price quotes
were not up to date, and not very indicative for what one should have to pay to
get the room. To do reasonably well we had to add heuristic corrections. These
were essentially of two kinds: i) estimates of expected prices, based on history
and how the current instance was played out; and ii) fudge factors to compensate
that the price quotes for hotels were old, and usually too low. The first is described
above, and could have been made more systematic, if we would have had more
time. For the second we never had time to consider seriously what should have
been the best choice, but just settled for an overbid factor, usually a fraction of the
averaged final price from earlier rounds, so that we seldom dropped out of these
auctions.

6 Discussion

The Trading Agent Competition is a challenging market game. It is interesting
for purely practical and commercial reasons, as a prototype for e-commerce of the
future. Possible application areas include automatic decision making and alloca-
tion of more fine-grained commaodities and on shorter time-scales than would be
possible with human traders. Examples are markets in bandwidth, electric power
consumption, and other communication services prone to overloading and con-
gestion. Services such as TAC agents may also be of potential interest to human
end-users, as shopbots looking for, e.g. travel packages for business travelers.
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Results in TAC’01 semifinal heats

| Agent | Heat | Score | Std Dev | Min,Max |

livingagents 1 |3660.2 | 893.8| (2057.54,4982.63)
SouthamptonTAC 1 3614.5 747.3 | (2373.81, 4658.15)
Urlaub01 1 3484.8 924.1 | (1864.88, 4874.64)
whitebear 1 |3469.7 | 1043.0 | (1579.2,4645.88)
Retsina 2 | 32935 630.9 | (2306.17,4116.57)
ATTac 2 3249.2 407.9 | (2535.69,3941.2)
006 1 3240.8 | 1108.1 | (962.09, 4196.88)
CaiserSose 2 3038.1 640.9 | (1898.67, 3806.1)
TacsMan 2 2966.1 595.2 | (2331.27,4236.4)
PainInNEC 2 2905.9 540.6 | (2142.72, 3585.82)
polimi_bot 2 | 2834.7| 11021 (0, 3796.55)
umbctac 2 | 27729 813.5 | (844.83,3880.15)
RoxyBot 2 2112.4 | 1478.7 | (-1778.29, 3977.33)
arc—2k 1 1746.3 | 1948.7 | (-1038.31, 4153.12)
jboadw 1 | 1716.7 | 12813 (0, 4005.92)
harami 1 94.4 | 2537.2 | (-6534.55, 3380.82)

Table 1: The results of the semifinal heats of TAC’01. Affiliations of the agents
and team members can be found on the TAC home page [31]. Heat 1 was com-
posed of the agents placing in the top and the bottom quarter in the seeding rounds,
while heat 2 contained the agents from the middle half. The top four agents in each
heat advanced to the finals. The score was computed as the average result over
11 instances, and is an unbiased estimate of how the agent would play in many
iterations, always restarting from scratch after 11 instances, with estimated error
on the order of the agent’s standard deviation, divided by /10 (3.16). Differences
in score by less than about 300 points in the same heat should therefore not be
taken to be statistically significant.
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Results in TAC’01 finals

| Agent | Score [StdDev| {MinMax} | High/Low |
livingagents 3670.0 | 6223 | {2331.99, 4631.84} 5 1
ATTac 3621.6 691.6 | {2079.15, 4877.1} 1,3
whitebear 3513.2 700.1 | { 1563.85, 4695.49} 2,5
Urlaub01 3421.2 698.3 | {1923.09, 4640.21} 4,4
Retsina 3351.8 668.2 | {2150.35, 4643.28} 3,2
SouthamptonTAC | 3253.5 | 1466.9 | {-3119, 4485.62} 6, 8
CaiserSose 3074.1 656.2 | { 1696.46, 3965.41} 8,6
TacsMan 2859.3 | 1054.3 {0, 4230.26} 7,7

Table 2: The results of the final heats of TAC’01. Table entries as in Table 5,
except last column that ranks the agents by, respectively, their highest and lowest
results in the finals. SouthamptonTAC had a crash in one game; if not their score
would have been 3530.6, i.e. third place, and its standard deviation more or less as
in the semifinal heats. The number of instances in the final was 24; differences by
more than a standard deviation divided by about five should not be significant. By
this token, agents could switch order pairwise, e.g. livingagents against ATTac but
would be significantly ahead or behind all others. Exceptions are CaiserSose and
TacsMan, the placing of which would be significant by this measure. It is interest-
ing that the ranking of agents by score is also partially reproduced in a ranking by
highest and lowest result, although the match is not perfect. Another robustness
test was performed by the TAC’01 organizer [18], subtracting the fluctuations in
“desirability” of the random preferences of the actual clients. That re-analysis
essentially reproduces the order above.
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The TAC set-up is also interesting in its own right. It has stimulated many groups
to implement or adapt suitable anytime optimization packages, to be able to com-
pute what a collection of goods is really worth to an agent. In TAC’00 only two
teams had such packages, that actually computed the optimum, while in TAC’01
most agents had, at least among those reaching the semifinals. This problem
of complementary utilities, and how to calculate them efficiently, is certainly of
wider interest in computational economics. TAC has also stimulated thinking
about strategies. In the first game, TAC’00, the rules were slightly different than
described here, and strongly favored taking decisions as late as possible. It was
therefore, that year, important to monitor network characteristics, and adapt the
strategy to response times. In TAC’01 the upward trend of flight prices made wait-
ing to the last moment a bad strategy. The uneven updating of hotel prices also
meant that the quality of network connections probably only mattered, and not by
much, to the event tickets auctions. The highest scoring agent, livingagents from
Living Agents AG, made all its bids on flights and hotels immediately at the start
of a game instance, and therefore played close to the opposite strategy. In passing,
one may note that livingagents placed very high bids on the hotel rooms it wanted,
and therefore always got them. The price it had to pay was, however, according to
the game rules, only the 16th highest bid, generally much lower. The success of
livingagents hence depended entirely on the other agents making reasonable bids,
and is hence a nice illustration of the Efficient Market Hypothesis [9], in a fully
deterministic setting.

The SICS agent, 006, did reasonably well. It did not crash during the semifinals,
but twice did expensive re-allocations that an ocular review of the game history
data suggest were unnecessary. Its results therefore probably reflect the strategy
as much, or more, than the implementation. Since the basic idea of the strategy
was partially based on a misunderstanding of the competition rules, one lesson is
to investigate them more carefully another time.

A more far-reaching lesson is that it would have helped to have a local test envi-
ronment, in which to run TAC agents against each other in a controlled manner *.
Anecdotal evidence suggest that several successful teams did develop such plat-
forms. After the finals we therefore decided to re-engineer a TAC server of our
own, of which an alpha version is available [33]. It is our intention that this server,
written in SICStus Prolog, be released as open software in the public domain. Dis-
cussions are under way with the University of Michigan team to hold at least one
TAC event on this server in 2002.

In conclusion, the TAC concept has quickly become a benchmark in automatic

1Al test, qualifying, seeding, semifinal and final games in TAC’00 and TAC’01 have been run
on the TAC server at University Michigan, which is built on proprietary software (AuctionBot),
and not available in source code or as executable.
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market research. We look forward to participating in the next event.
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A Summary of TAC’01 rules

For completeness, we summarize here the rules of TAC’01. This description is
not complete, particularly as to how bids are expressed to the auction server, see
instead [31].

A.1 Utilities

A feasible travel package consists of an in-flight, an out-flight, and rooms at one
hotel during all nights between, and (optionally) tickets to entertainment events.
The client utility of one feasible travel package is

u = 1000 — travel_penalty + hotel_bonus -+ fun_bonus (A1)

The utility to the agent of a collection of goods is the sum of the utilities to clients
of feasible travel packages delivered to them.

Every client has a set of preferences, that are its preferred arrival date (PD), its
preferred departure date (P D), how much it wants to pay extra for the good hotel
(H P), and how much it wants to pay for each entertainment event (AW, AP and
MU). The travel_penalty is 100« (|AA— PA|+|AD — PD|),where AAand AD
are its actual arrival and departure dates, i.e. 100 for every day away from PD and
PD. The hotel_bonus is payed if the client gets to stay at the better hotel. It is
payed per trip, irrespective of its length.

For the entertainment tickets, a feasible entertainment package, ancillary to a fea-
sible travel package, is one which contains any event at most once, never two
events on the same day, and no event on AD, the day of departure. The fun_bonus
is the sum of what the client wants to the pay for the events in its feasible enter-
tainment package.
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The utility to an agent of a collection of goods is highly non-linear, since e.g.
two flight tickets are not worth anything if they cannot be be combined with hotel
rooms and delivered to a client as a feasible travel package. Given a collection of
goods, there are a typically many ways of dividing them into packages. Comput-
ing which such combination of packages maximizes agent utility is a problem of
combinatorial optimization.

A.2 Auctions

All goods are distributed in separate markets called auctions. An instance of the
TAC game runs over 12 minutes. Some of the auctions run for the full time, some
for less.

The auctions for flight tickets are more properly just over-the-counter markets,
where a seller (the auction server) always holds an unlimited supply of tickets.
There are eight flight auctions, one for every possible in-flight day (day 1-4), and
one for every possible out-flight day (day 2-5). These auctions are open for the
full instance and clear continuously. The price charged by the seller changes in
time, somewhat like the way an airline sells seats on a given flight in tranches
released at different dates. The price changes are random, but the general trend is
upward.

Hotel rooms are sold on ascending multi-unit Ath price auctions, a kind of gen-
eralized Vickrey auctions. There are 16 items (hotel rooms) of each kind. The
price payed for one item is the 16th highest bid. There are eight hotel auctions
in every TAC game instance, one for every night (1-4) and every type of hotel
(good or bad). The hotel auctions start at the beginning of the game. All hotel
auctions close between 4.00 (four minutes into the game) and 11.00, according to
the scheme that one, randomly chosen, closes on every minute from 4.00 to 11.00.

The event tickets initially distributed randomly among the agents. They can then
be bought and sold by the agents among each other in standard continuous double
auctions. There are twelve auctions of this kind, one for each day (1-4) and for
every kind of entertainment. These auctions clear continuously, and are open for
a whole instance.

A.3 Availableinformation

The TAC API allows agents to query status of auctions, for e.g. last bid price, last
ask, and more. For flight auctions and entertainment auctions the auction server
answers with updated information, with some delay.
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A curious feature of TAC’01 is that the server does not instantaneously process
bids on hotel rooms. Only once a minute are the available bids collected, and the
16 highest bids selected. For the full following minute, the server will answer
that the 16th highest price so calculated is the updated price quote — no account
is taken of higher bids which may have arrived in the meantime, so that the price
one would have to beat to get the hotel in the end could be higher than the quote.
Similarly, the agents holding the 16 bids that were highest on the minute will for
the full following minute receive the reply that these bids are active, although they
may have been overbid by others.

In summary, it is an important feature of TAC’01 that the agents can not get infor-
mation on current prices of hotel rooms, because these prices are not continuously
computed.
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