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ABSTRACT In [5] we presented a principled methodology for systematically

exploring the space of bidding strategies when it is not possible
to find an equilibrium solution, because the agent participates in a
significant number of simultaneous auctions. Whereas most other

In previous work we have introduced a principled methodology

for systematically exploring the space of bidding strategies when
agents participate in a significant number of simultaneous auctions, . : -
and thus finding an analytical solution is not possible. We decom- €ams decided that decomposing the bidding problem completely

pose the problem into sub-problems and then use rigorous experi-VaS prob_ably not to their_ best interest, because of t_he_(_)bvious de-
mentation to determine the best partial strategies. In this paper Wependenc_les among the b'_ds and concentraf[ed toa ;lgnlflpant degree
clarify and extend our methodology. We discuss our agent design ©1_1€arning a good predictor for the auction closing prices (e.g.
for TAC 2003 and furthermore the changes to our agent as a resultf‘ﬂ-aC used a boqstlng-b”a_tsed method [4]), we decided to explore
of the rule changes in TAC 2004. We also present a “full” set of ex- in the opposite dlrectlon_, we decomp_ose thq problem mtq sub-
periments for determining an overall “optimal” strategy in the 2003 Problems and then use rigorous experimentation to determine the
and 2004 Trading Agent Competition (TAC). Our agent was created best partial strategies. In this paper we clarify the procedure that

by using the results of this methodology and has consistently beend€t€rmines what experiments to run in order to explore the strat-
the top-scoring agent in several rounds of the TAC competition. €9 SPace, we present and justify the changes we incorporated into
our agent as a result of the 2004 TAC rule changes, and we present

d a “complete” set of experiments for determining an overall “best”
Keywor S strategy in the Trading Agent Competition (TAC) both under the
agent-mediated electronic commerce, bidding agents, determining2003 and 2004 rules. These are the primary contributions of the pa-
bidding strategies, electronic marketplaces, simultaneous auctions per. Furthermore we extend the methodology by adding strategies
that are based on equilibria that we can compute or approximate
1. INTRODUCTION anq in particular we briefly examine the Bayes-Nash Qqumbrlat_ha_t
) ) ) ) exist in the case that the agent must decide on the price of its bid in
Auctions are becoming an increasingly popular method for trans- 4 4ction that can close at one or more predetermined times; thus
acting business either between |nd|V|duaIs_over th_e Intern_et (e.g_. we generate one more strategy for our methodology inspired by this
eBay) or even between businesses and their suppliers. While OPti-analysis. In addition we continue to incorporate other ideas into our
mal strategies for bidding in an auction for a single item are known, g4ent (e.g. examining the effect of better price predictions) and we
in practice agents (or humans) are mostly interested in multiple yresent some results that indicate that it is possible to reduce the
items. They wish to bid in several auctions in parallel for multi- . mber of games required by our methodology by computing the
ple substitutable or complementary goods. Goods are called com-gftacts that the random parameters have on the agent scores.

plementary (resp. substitutable) if the value of acquiring both to- ;g paper is organized as follows. In section 2 we present the
gether is higher (resp. lower) than the sum of their individual val- ,roplem of trading in simultaneous auctions and our methodology.

ues. The fact that the value of each good to an agent depends or, gection 3 we present the tradeoffs present in the TAC 2003 game
other goods is what makes this problem particularly hard. There g4 {he strategies available to the agent and our analysis of the
had been relatively few studies about agents bidding in multiple equilibria for a particular tradeoff. In section 4 we present the up-

simultaneous auctions and they mostly involve_ bidding_for substi- yates that we implemented in our agent as a result of the TAC rule
tutable goods (e.g. [1], [3], [2]). However the introduction of the  cpangesin 2004. In section 5 we present all the experiments we did
Trading Agent Competition (see [9]) has given momentum to the ;, order to explore the strategy space both for the 2003 and 2004

research in this field by providing researchers with a challenging yqrsion of the TAC game and how these results were evaluated.
benchmark domain which incorporates several elements found in

real marketplaces.

2. TRADING GOODS IN SIMULTANEQOUS
AUCTIONS

Permission to make digital or hard copies of all or part of this work for 2.1 Problem Settmg
personal or classroom use is granted without fee provided that copies are  The general problem setting that we deal with involves several
not made or distributed for profit or commercial advantage and that copies gytonomous agents, which wish to trade commodities in order to
bearglhishnotice and the full citation %r.‘ th%ﬁrSt p";‘.ge' To copy Other""ise*.:.o acquire the goods that they need. There is a predefined time win-
republish, to post on servers or to redistribute to lists, requires prior specific . . _ -

dow during which the trades can take place (defining the duration of

permission and/or a fee. h .
Copyright 2005 ACM X-XXXXX-XX-X/XX/XX ... $5.00. each “game”), after which each agent calculates the payoff to itself.



The agents are not allowed to cooperate in any explicit way and they experiments, since we cannot possibly consider all possible

are also assumed to be self-interested. In particular, each aigent strategies in the strategy space. This is done systematically
trying to maximize its own utility function, which in most cases is by

assumed to beguasilinear The combination of goods owned by e computing equilibrium strategies for each auction (mak-
an agent should include several complementary and substitutable ing some relaxations if necessary) and then using our
goods in order for the game to be interesting; otherwise one might observations about the equilibrium to select a strategy,

be able to find an equilibrium to the game analytically. The mech-
anism used in order to exchange commodities is several different
auctions during which each unit of a certain commodity is traded in
exchange for a monetary payment. We will assume that there is

e combining the boundary strategies, e.g. by bidding as
low as possible in some cases and the highest possible
in others, and

e modifying the boundary strategies using empirical knowl-

discriminatory pricingin these auctions, which means that if two edge from the domain and strategies that work well in
agents wish to buy the same good at the same time they will have other domains, e.g. using the idea of strategic demand
to make the same payment. We will also assumesinaitar goods reduction to modify the “buy all tickets at the beginning
are sold in auctions with similar rulesOther than that, we allow of the game” strategy in the TAC game.

the auctions to have a wide variety of rules, as far as the quantities
and types of goods sold, the auction closing times and allocation
rules and whether agents may act as buyers or sellers in the auction.
The question we are interested in answering is what bids to place at 2.2.2 Experiment Setup
each auction. There are therefore 3 main parameters to determine: ) . ) )
the quantity of each good to be bought or sold, thecesoffered The_number of possible combinations of partl_al strategies cou-
for each individual unit and thémesat which the bids are placed. pled vx_nth the fact that each strategy can behave differently based on
Due to space considerations we cannot present the rules of thefl'€ Mixture of agents that participate in the game, leads to a pro-
TAC game here, which are necessary for the reader to fully com- hibitive nu[nber of experlments”that need to be performgd in order
prehend the observations presented in latter sections, but one may® 9€t the “overall best strategy”. We propose one possible way of
find them on the web dittp : \\www.sics.se\tac. We selected exploring this space: we determine how the behaV|o_r of the ml_JItl-_
the TAC game for our experiments because it encapsulates most 298Nt system changes when exactly one of the partial strategies is
the issues of the general problem setting and is thus an appropriate’a/ied (changed) between the participating agents, while all the rest

For the more details and the specifics of how this part of the
methodology is applied to the TAC domain, see section 3.

test-bed for evaluating our agent design and our methodology. are shared by all the agents and kept fixed. To do this in a systematic
way we use several sets of experiments, each of which is designed
2.2 Our proposed methodology to evaluate one particular partial strategy in different mixtures of

There are two main parts in our methodology. Initially we de- agents. . )
compose the problem into subproblems and decide on the range of I_n each_experlme_ent setwe k_eep a f_|xed ”“mbef of agents vx_/ho are
possible strategies that can be applied. Then we use rigorous ex-SINg the |ntermed|at_e strategies, while systemat_lcall_y changing the
perimentation to evaluate these strategies and to determine the be lxture of aggnts using the boundary cases. This will explore suf-
iciently the different multi-agent environments that the agents can
strategy overall. - A . . -
participate in, since the behavior caused by the intermediate strate-
2.2.1 Problem Decomposition gies is within the bounds of the behavior caused by the boundary
strategies. Using statistical tests we can evaluate the performance of
the agent and determine whether some agent performs significantly
better than the others. Therefore each experiment set explores the
1. The quantities to be bought for each commodity are deter- strategy space in one dimension.
mined independently of the price and the placement time of  |n order to explore the whole strategy space, we run several ex-
the bid and are computed by maximizing the utility of the periment sets, varying different partial strategies in each set; the
agent assuming that all the goods are bought at some pre-partial strategies that are not varied are set to the best strategy (or
dicted prices and that every unit will be bought instantly. A  strategies found so far). In case our experiments show that the fixed
dedicated module called “the planner” (or optimizer) is doing  strategy we used for one particular subproblem was not the best
this task. For more information on how this module of agent one, then we vary this partial strategy in the next experiment. After
WhiteBear is implemented, see [5]. a sufficient number of experiment sets, we reach an “optimal strat-
2. Once the quantity that the agent should buy has been com-egy”; if any one of its partial strategies is changed the agent using
puted we need to find the price and the placement time of this modified strategy cannot do better than the optimal strategy.
each bid. We consider separately each different auction type, In addition, if we want to explore a feature that would improve
which corresponds to a different commodity type, and we the performance of the optimizer, we set half the agents to use this
compute the space of possible “partial stratedidet this feature and half not to, while all agents use the best partial strat-
auction type. Initially we compute the extent of this space egy combinations that we have found thus far. An extra benefit of
by settlpg boundary partial _strategle_s, that is stra_tegles that in a certain case, then the intermediate strategy should place its bid
place bids e_lt the IOW(_est or hlghest prices that a ratlona_l agent PHCED : Prow < P < Phigh-
would gon5|der Poss'b'e, for th|s setting and at.the earliest or 3In our previous work we had not considered this seriously because
latest time possible. This defines the boundaries of the strat- \ve believed that finding an analytical solution even to a relaxed
egy space for each auction type. Having accomplished this, it problem was not feasible. However we have recently computed
is necessary to generate intermediate stratégiasse in our usable equilibria, like the one presented in theorem 3.1, that we use
_ _ ) to generate partial strategies.
'We called these strategies partial because they only deal with one“Thijs is important since the performance of each strategy depends
particular type of auction. These are usually computed analytically on the strategies used by the other agents. In previous work, we
or using domain knowledge. did not present a clear methodology for what sets of experiments to
%I the boundary strategies will place bids at prige, andpngn run, but we clarify this process in this paper.

According to our methodology we must decompose the problem
as much as possible. This involves two phases:




this methodology is that it allows us to derive general observations  The first boundary strategy is to place low bids: the agent bids an
about the behavior of certain strategies in different domains. For a increment higher than the current price. This is the lowespps-
description of the experiments run in the case of TAC see section 5. sible aggressiveness since the agent will never wish to bid less. The

other boundary strategy is that the agent bids progressively closer

to the marginal utilitydU (for a particular room this is the change

in utility that occurs if the agent fails to acquire it) as time passes.
3. BIDDING STRATEGIES Since the agent will likely lose money if it bids above the marginal

Each different commodity in TAC is traded in a different type ytjlity, this is the highestH)) possible aggressiveness. We also com-

of auction. According to our methodology, we need to generate pined these into intermediate strategies by selected the following
partlal Stl’ategles fOI’ eVery dlffel’ent set Of aUCt|0nS We W|" con- Compr0m|se the agent that bids like the aggresgﬂ)mgent for
centrate our discussion here towards the bids for plane tickets andrgoms that have a high marginal utili6f/, and bids like the low-
hOtel rooms, Slnce these two present |ntere5t|ng '[I’adeOffS fOf Ouraggress|vene3$_1 agent otherwise. This is the agent of medium or
agent. moderate i) aggressiveness.

. . Another partial strategy for this tradeoff can be computed by us-
3.1 Paying for adaptability sl o ! puted By

ing equilibria like the following:
The purchase of plane tickets for the TAC 2003 game presents
an interesting dilemma. Ticket prices are expected to increase sig- THEOREM 3.1. Assume thaiV risk-neutral agents wish to buy
nificantly with time. Thus delaying the purchase of plane tickets 1 unit of a certain good each. An independent seller sellanits
increases the flexibility of the agent and hence provides the poten-of the desired good in am'” price auction, i.e. the good is sold
tial for a higher income, at the expense of paying more for these to the agents which submitted the highest bids at a price equal
tickets. to the lowest winning bid. The agents have valuations (utilitigs)
According to our methodology the first step is to decide the bound-which are i.i.d. with probability distributio’(u) in the first round.
ary strategies. Since the only issue is the time of bid placement, two There can be a second round with probability— p). If a second
obvious strategies are to buy everything at the beginning or to de- round does exist, the agents have new i.i.d. utiliieslrawn from
fer all the tickets purchases at a much later time. Initially we set some distribution (u) and can submit new bids as long as they
this later time to be right after 2 hotel auctions have closed. The are greater or equal to the bid price from the end of the first round
reason for this is (i) that at that time the intentions of the other and the agents are not allowed to remove previously placed bids.
agents can be partially observed by their effect on the auctions’ bid Each agent knows (more accurately for its own utility) that its
prices meaning that the room prices approximate sufficiently their own utility @; in the second round is drawn from distributic#(u).
potential closing prices and (i) that the plane ticket price increases The equilibrium strategy is the solution of the differential equation
after this point tend to be quite substantial. However this is still

! .
not a very good boundary case; a further improvement is to buy (wi — g(ui) + 1-»p, UL (g(us))) - q)/ () _
some tickets at the start of the game. We buy the “almost certain p g'(ui)
to be used” tickets (about 50%) at the beginning (computed based (‘I’(“’i) - Y(ui)) - W(g(ui)) 1)

on the client preferences and the ticket prices) and we have empir-ywhere

ically observed that these tickets are almost never wasted. Anotherg(;) = "1 C(N — 1,4) - (F(x))Nflﬂ' (1- F(x))i,

intermediate strategy comes from the idea of strategic demand re- Y(z) = 37 20(N —1,4) - (F(x))N 1—i ( _ F(a:))i

duction [7]: we compute the minimum number of tickets which, _ o Ne1—i J

if left unpurchased, will allow the agent to complete its itineraries ®(z) = >1" C(N —1,4) - (H(x)) (1-H(x))",

even if it fails to buy a hotel room on days during which it wishes Y () = > % C(N —1,3) - (H(m))N‘l‘l (1- H(x))’,

a lot of rooms. Thus 80% to 100% of the tickets are now bought at oo 5o -v@ J53 ORI

th?:betg-]|nn|ng tained () . . - e ik \I/( =1 + { G/ ) )T (o) L e’Q B(w)—Y(w) .
urther improvements were obtained (i) by estimating the like- = 2 ¥( w) B (W) ] 1 N-(m—k) _ )

lihood of price increases and using this information to bid earlier @+q P(w)—-Y (w) dw) - dz+ 3o v OV = 1LK)

(resp. later) for tickets whose price is very likely to increase signif- {(N—1-k)-H'(Q)-(H(@Q)V > (1 - H(@))" - £ G(w) - dw

icantly (resp. little) and (ii) by using historical averages of the hotel ~ _k . H/(Q) - (H(Q))N*I*’c (11— H(Q))U“*U . foQ G(w) - dw
prices ir_1 pr_evious games to_set the prices that the optimizer uses at (H(Q))N—l—k (- H(Q))k .G(Q)}} and

the beginning of the game in order to calculate the agent’s utility.

We also implemented especially for this paper the price prediction UL (Q) = — ZZ:JI ZEX}:Z% -C(N —1,k)

technique presented by the Walverine team (see [8]), but we did not N—l—k E rQ

see much difference in the agent’s performance. (H(Q) o (1-H@)" - [’ Gw)- dw}'

Note that this tradeoff does not exist under the TAC 2004 rules The F’OundarY condition '§(.O) =0. . .
(see section 4) This equation has a unique solution; for the proof of this and

other equilibria see [6]. We are currently experimenting with this
3.2 Bid Aggressiveness strategy and will present experimental results in a forthcoming pa-
per.

The main issue when bidding for hotel rooms is relygressively
each agent should bifthe level of the prices it submits in its bids).
If it bids low it might get outbid, while if it bids high (i.e. aggres- 4. AGENT REDESIGN FOR TAC 2004
sively) it is likely to enter into price wars with the other agents. As The rule changes in 2004 eliminated the tradeoff in the purchase
far as the timing of the bids is concerned, there is little ambiguity of plane tickets. In fact it can be shown that it is a dominant strategy
about what the optimal strategy is. The agent should wait until the not to buy any tickets whatsoever at the beginning of the game. The
first hotel auction is about to close to place its first bids in order reason for this is that until after the middle of the game there is no
not to increase the prices earlier than necessary, nor to give awayincrease in the expected price of the plane tickets, so the agent can
information to the other agents. defer these purchases and thus has more flexibility in its planning.



The model of the random walk for the ticket changes is known,
since the prices are perturbed evefyseconds by a value drawn
uniformly from

o [—10,z(t)], if 2(t) > 0

e [z(¢),10],if z(t) <O

e [—10,10],if z(t) =0

wherez(t) = 10 + (¢/540) x (z — 10), andt is the elapsed time

from the beginning of the game. The only unknown variable is the

maximum change which is drawn uniformly fronj—10, 30]. But

we can compute the probability of= z, z € [-10, 30] as follows:
Let {v:,t:},Vi € {1,..., N} be the pairs of the price changes

y; observed at times; and let N be the number of such pairs.

Plz = 2] = ;7,Vz € {-10,...,30} andP[z = 2] = 0,Vz ¢

{-10,...,—30}. Sincez is independent of the timefg; = T;}

when the changes occur, therefdter = 2] =

Plz = zl{A\}, (t; = T:)}]. In addition the price changg only

depends on time; and is independent of all;, Vj # 4, therefore

Plyi=Yil(z =2) A (t: =T))] =

Ply: = Yi|(z = 2) A {AX,(t; = T:)}]. Given the observations

made so far, the probability that= z for anyz € {-10,...,30}

is Plz = z|{ A\, (ti = T)} AN AL (v = Y)}] =
Pl=2)MAN (=Y AN (t=T1)] _

PIAN  (ui=Y)I AN, (t;=T:)] -

Pla=z| AL, (¢:=T)]-p= 41 P= p:

S o {Ple=Cl AN (i=To)lpc} | Zi 1o diPe Ll 10Pc]
wherep. = P\, (i = Y)|(z = 2) AM{AL, (t: = T0)}).
Given the value oft, {y; = Y;} are independent of each other,
thusp. = [T, Ply: = Yil(z = 2) A{AL (i = T)}] =
[1Y, Ply: = Yi|(z = 2) A (t; = T;)]. This probability is known;

we computer(z, T;) = 10 + 1271 and we have that

o if z(2z,T;) > 0then
Ply; =Yi|(z=2)A(ti =) = =y -

| Gt | 1o
if —10 <Y < (2, T3),
otherwiseP[y; = Yi|(z = 2) A (t; = T;)] = 0.
e if z(2,T;) = 0then
Ply. = Yil(z = 2) A (t: = To)] = i ~10<¥; <10,
otherwiseP[y; = Yi|(z = z) A (t; = T3)] = 0.

=

o if 2(2,T;) < 0then
Ply; =Yil(z = 2) A (ti = T3)] :W
if x(z,T;) <Y; <10,
otherwiseP[y; = Yi|(z = 2) A (t; = T3)] = 0.

540 1

Average Scores Statistically Significant Difff?
#WB-M2H|WB-M2L [WB-M2M [WB-M2H|M2L/M M2M/H  M2L/H
0 (178) 2466 2626 N/A v
2 (242) 2251 2344 2359 v X v
4 (199) 2051 2101 2056 X X X
6 (100) N/A 1138 865 v

Table 1: Scores for agents WB-M2L, WB-M2M and WB-M2H

as the number of aggressive agents (WB-M2H) participating
increases. In the last rows,v/indicates statistically significant
difference in the scores of the corresponding agents, while in-
dicates statistically similar scoresThe number inside the paren-
theses is the total number of games for each experiment and this
will be the case for every table.

WB*XSM |[WB*XSH|WB*x2M |WB*x2H
# x=A 1941 1887 1744 1677
games x=M 1729 1645 1686 1706
(206) [Difference? v v X X

Table 2: The effect of using historical averages in the optimizer.
Early bidding agents benefit the most from this.

its price would reach the minimum price possible. However, based
on experiments the we ran, it did not appear that such changes im-
proved the performance of the agent, therefore they were not used
in our agent that participated in TAC 2004.

5. EXPERIMENTAL RESULTS

In this section we describe the controlled experiments we per-
formed in order to determine the “best overall strategy” and the
conclusions we drew from them concerning the tradeoffs described
in section 3.

Notation To distinguish between the different strategies (or ver-
sions of the agent), we use the notation W%, where (i)z is
M if the agent just models the plane ticket pricdsf, in addition
to the modeling of plane ticket prices, historical averages are used
in the optimizer, andV if we also use the price prediction tech-
nique of the Walverine team, (it) takes value$, 2, which means
that the agent buys its unpurchased tickets whenythéotel auc-
tion closes, or the valu§, which means that the version based on
strategic demand reduction is used and @igharacterizes the ag-
gressiveness with which the agent bids for hotel rooms and takes
valuesL,M andH for low, medium (moderate) and high degree of
aggressiveness respectively.

Performance EvaluationTo formally evaluate whether one ver-
sion outperforms another, we upaired t-tests Since we usually
use multiple instances of a certain agent in each experiment set, we
compute the t-test for all possible combinations of instances. We
decide that the difference is statistically significant, if the probabil-

Using these estimates we can compute the expected price increas8y (for any such combination) that the agent scores are drawn from
at any point. Therefore we modified the strategy used in the agentthe same distribution is less than= 5%.

as follows:
We decide how many plane tickets to buy depending on their

5.1 Determining the strategy for TAC 2003

expected price increase; the higher the increase is, the larger the In the first experiment set we varied the hotel bidding strategy.
percentage of desired tickets that the agent buys. A case of speciaWe used agents WB-M2z (z=L,M,H), keeping all other partial strate-

interest is when the probability that the hidden parameter0 for

gies fixed, and we used a constant numbe2 ofstances of agent

that flight becomes high, an event that only occurs in the second halfWB-M2M, while the number of agents WB-M2H was increased
of the game; in this case our agent buys all desired tickets for that from 0 to 6. The rest of the slots were filled with WB-M2L. The

particular flight. This is done not only because there is a definite

results of this experiment are presented in table 1. Agent WB-M2M

price increase predicted in this case, but also because by that timeperforms “reasonably well” in every situation, since it bids enough
the agent has secured most of the needed hotel rooms. Based oto maximize the probability that it is not outbid for critical rooms,

the performance of our agent in the competition it is clear that this
strategy works extremely well.

It should be noted that we also tried other variations of this strat-
egy, e.g. buying all desired quantity of a certain plane ticket when

and avoids "price wars” to a larger degree then WB-M2H. Based on
these results we did not use low aggressiveness agents in the next
experiments.

In the next experiment we evaluated the benefit of using histor-



Agent Scores Average Scores Statistically Significant Difference?
#WB*AYH [ 1 2 3 4 5 6 7 8 [WB*ASM [WB*A0M [WB*ASH [WB*A0H [WB*ASM/WB*ASH [WB*AOM/WB*AOH

2 (428) 2458 2423 24122394 2418 240(R474 2377 2431 2404 2474 2377 X X
4 (421) |2577 25912575 25602545 26152520 2515 2584 2568 2580 2518 X X
6 (318) |2503 23302387 2382 2353355 2424 2366 2503 2330 2374 2382 v X

Table 4: Scores for agents WB*AyM and WB*AyH (where y=S or 0) as the number of aggressive agents (WB*AyH) participating
increases. The agents above the stair-step line are WB*AyM, while below are WB*AyH (the scores when y=0 are presentedtatic).

Average Scores Statistically Significant Difference?

#WB*A0z [WE"ASM [WE*ASH|WE*AZM [WE*AZH [WE*AOM [WEAOH | A2zIAS: ASzIA0z _AZZIA0Z erable effort in this area. Our agent discounts the effect of the lack
0(413) 2175 2213 1936 1904 N/A N/A  Mv HV 10t H H H H
T e B T R e T B e e et of a good prediction thanks to the bidding strategies that it uses. It
4(438) | 2404 | 2410 | 2261 | 2207 | 2347 | 2385 Mv AV Mx Hx Mv Hv was however our intention to implement some better prediction in
6(1023) | 2430 2442 N/A N/A 2367 2382 Mv HV

order to examine the result on the performance of the agent. To
Table 3: Scores for agents WB*A2z, WB*ASz and WB*A0z this effect we chose to implement the price prediction algorithm of
(where z=M or H) as the number of early bidding agents (WB- the Walverine team (it is uses tatonment to compute the prices; for
A0z) participating increases. In the last rows, we compare the  more details see [8]), since it is shown to generate some of the best
scores for the M and H aggressiveness of the two version; so  price predictions among all TAC agent implementations. We have
M v in the A2z/Asz box means that the difference between A2M tested this method by running four instances of agent WB*ASM
and ASM is significant. using this prediction to set the prices used by the optimizer at the

ical prices for the price prediction. We introduced this feature and Peginning of the game (let us call this agent WB*WSM) and four
run an experiment in which we examined the benefit that agents others that did not use this. We run_235_g§mes and the performance
WB*M2M, WB*M2H, WB*MSM and WB*MSH gain if histori- of the two agents was actually quite similar. Thg average scores
cal prices are used. The results are presented in table 2. We observEP" @gents WB*ASM and WB*WSM were respectivel263 and
that the agents which bid earlier are the ones who benefit from the 2251 This seems to indicate that the strategy we selected deals
use of this feature and that the increase of the price estimate causeSUccessfully with the errors (which are not catastrophic though) in
the planner to generate itineraries which use slightly fewer rooms. the Price predictions that the optimizer uses.
This decreases the price wars between agents and improves thei ..
scores. Given that this feature improved (or did not deteriorate) E.2 Determining the strategy for TAC 2004
the performance of all agents, we decided to use it in all our later ~ The previous experiments determine why both in TAC 2002 and
experiments. 2003 we used agent WB*ASM. The rule changes in 2004 leave
Having varied the hotel bidding strategy in the first experiment only one tradeoff to be examined: the hotel bidding strategy. There-
set, we then vary the plane ticket bidding strategy. We use 2 agentsfore only one experiment set is necessary in this case, one in which
WB*ASz (z=M,H) in the mixture of agents and change the number the strategy for the hotel room bidding is varied. We 2ssgents
of the other agents WB*A0z and WB*A2z (boundary strategies); of moderate (M) bidding aggressiveness and vary the number of
half of these are of Medium and half of High aggressiveness, since agents of low (L) and high (H) aggressiveness. The results are pre-
these partial strategies were the best in the first experiments. Thesented in table 5. The differences between the different versions
results are presented in table 3. Stratggy 2, performs worse of the agent are now much smaller; this is a result of the fact that
than the other two. The other two perform similarly overall. The the agents no longer buy the flight tickets early and thus are able
only case, in which the WB*ASz'’s performance is statistically bet- to change their plans much more easily, which in turn reduces the
ter than that of the early bidders (WB*A0z), is when there are lots performance difference between the various strategies. From this
of early bidders. From these results we determine that the strategicexperiment set, we can conclude that the low aggressiveness strat-
demand agent is performing most consistently and that is the reasonegy is still dominated by the other two, but less so than in the case
we used it in our TAC agent. of TAC 2003. Itis unclear which strategy (moderate or high aggres-
Having determined that the strategic £ S) and early bidding siveness) is best, as they perform quite similarly and the differences
(y = 0) agents are the best strategies for the plane tickets, andare not statistically significant; in fact in most cases there is a high
given that we used partial strategy= 2 in the first experiment probability of similarity in the score distributions. In TAC 2004,
set, we need to revisit our experiment for the hotel room bids. We we used the moderate strategy, but based on these experiments the
vary the number of aggressive agents (H) frdto 6 while reduc- aggressive strategy would have performed quite well. In two cases,
ing the number of medium aggressiveness agents (M). Furthermoremore games are needed in order to determine whether the difference
half of them use strategy = 0 and halfy = S. The results are is statistically significant (denoted by™on table 5).
presented in table 4. One can notice that in most cases the agents The biggest drawback in our methodology is probably the fact
perform quite similarly to each other. Furthermore agent WB*ASM that in order to get results with a reasonable amount of confidence
outperforms the other agents when the aggressive agents are in théor each experiment we need to run a large number of games. If
majority and does statistically similar or better in all other cases. one also considers the fact that quite a few experiments are needed
Another observation is the overall scores remain similar even when in order to explore the strategy space, this leads to a huge number
the number of aggressive agents increases (as opposed to the expeof games and that takes a very long time to run. The large num-
iment presented in table 1), mainly due to the fact that these agentsber of games needed is mostly due to the fact that the TAC game
use historical prices in the optimizer. Since agent WB*ASM per- has an overwhelming number of randomness involved, so that even
forms overall at least as good as the other agents, both when wewhen two instances of the same agent are running they can get con-

vary the strategy for the hotels and for the plane tickiétf®llows siderably different results in the same experiment depending on the
that we have explored the strategy space that we had and we shoulchumber of games played. This is more of a problem during the fi-
use agent WB*ASM in TA@vhich we did. nals of the Trading Agent Competition, when a very small number

One of the directions in which we had not put much effort as far of games are played. To partially alleviate this problem the Uni-
as our agent design is concerned, was the prediction of the closingversity of Michigan group decided to perform a linear regression of
prices for the hotel auctions. Most other agents have spent a considthe scores that an agent gets against a number of parameters that



Agent Scores Average Scores | Stat. Significant Difference?
#Hagents 1 2 3 4 5 6 7 8 |Low[ModeratéHigh|Low/Mod Mod/High Low/High
0 (259) |3310-15 3275-173264+15 3295-21 3260-8 3276 +1 3258+21 322382463 3293 |N/A X
2 (320) |3263-12 3293-153209 -7 3229 +4 3227 -7 3187 +5260+21 3234+1[83213 3278 [3247] X ?
4 (385) |3191 +2 3191+123163 -6 3205-123214+22 3268-11 3240-16 3193 #3184 3191 |3229 X X ?
6 (413) |2899-31 2855-92818+15 2842+23 2815+16 2934-20 2854 -1 2847ME\| 2877 |2852 X

Table 5: Scores for agents of low (L), moderate (M) and high (H) bidding aggressiveness as the number of aggressive agents partici-
pating increases. In each experiment agents 1 and 2 are of moderate (M) aggressiveness. The agents above the stair-step line are of
low aggressiveness (L), while the ones below are the most aggressive (H). The averages scores for each agent type are presented in the
next rows. In the last rows, vindicates statistically significant difference in the scores of the corresponding agents, while indicates
statistically similar scores.

affect these scores. This was an interesting idea and a good startauction with multiple closing times. In addition we presented the
ing point. However we did not want to assume that two different changes that were necessary for our agent as a result of the 2004
games can be characterized just by these random parameters. In th€AC rule changes. Finally we implemented a better algorithm for
case of our experiments we have enough data to do more. Givenprice prediction and the results showed that this improvement is
that in our experiments we run pairs of the same agent we can runmade redundant by the flexible strategy that our agent uses.

a linear regression in order to minimize the difference between the We used our observations to determine our entries into the TAC
scores of two instances of the same agent in the same game. Thigompetition and our agents performed consistently well, including
is the “least” assumption that one could make about the scores inwinning TAC 2004 with a statistically significant difference in score
any game, that is that agents using the same exact strategy shouldrom the runner up. We continue our work by examining and eval-
perform similarly in the same game. We used this idea and we uating the performance of the agent when it uses a bidding strategy
calculated the regressions and the adjustments for the experimentdased on the computation of Bayes-Nash equilibria.

presented in table 5 (the average adjustments are presented next to AcknowledgementsWe would like to thank the organizers of

the corresponding scores). In both cases the adjustments made werboth competitions for their technical support during the running of
rather small and the scores of the agents were not equalized, how-our experiments and the competition (well ou€n00 games!).

ever an examination of the results demonstrates that in most cases
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