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Abstract. Reputation and commitment are important issoeadtomated con-
tracting. Levelled commitment contracts, i.e. contractsere each party can
decommit by paying a predetermined penalty, were introdtallow self inter-
ested agents to accommodate events that unfolded sinceritraa was entered
into. Various approaches to modelling reputation have leegrored, allowing
an agent to make decisions after considering not only cuoeportunities, but
also possible longer term (social) implications of maimitag a reputation for
reliability in contract fulfilment. An agent may considertbats own reputation
for honesty and the past behaviour of others. We explore dication of these
issues in the context of a simple contracting scenario. yiital and simulation
results are presented.

Theme area: empirical evaluation

1 Introduction

The advent of widespread Electronic Commerce promises to have enoremnefitd
for consumers. Due to the proliferation of on-line auction houses sis eBay and
on-line retailers such as Amazon.com, we now have a vast array of optiosslfing
or purchasing almost anything. The resulting environment is wetédub intelligent
autonomous agents, since some reasonably intelligent behaviouriieeigu bidding
or bargaining but there are often too many possibilities for a humanvistigate
manually.

However, doing business on the internet also presents significant mdlems.
Possibly the most important of these is the problem of deciding &hether entity on
the web is trustworthy. Trustworthiness is a particularly imaortssue for organisers of
on-line markets and auction houses, since the credibility of their miarkatiermined if
participants frequently succeed in cheating others. The main question isevherket
organisers should try to intervene and guarantee the trustwortlihpasticipants (as
stock markets do, for example, by enforcing laws such as regular auditthg traded



companies), or adopt laissez faireapproach and assume that dishonourable parties
will eventually acquire a bad reputation (as do eBay and MIT Media Lab’s Kasbah
system [7]).

The Internet is an environment that involves a large degree of uncertairty
changes quickly overtime. In such environments, allowing agents to relaguontracts
sometimes can greatly improve performance, since agents can agree to contracts that
seem beneficial and then decommit if circumstances change adversely.

However, trust of other agents is difficult to establish when some de ctomemt
from contracts is permitted. If an agent enters into a contract, it needs tonfiderd
that it will not be damaged by the dishonesty of other contract partigpemteal-world
(human) contracts, compliance can be enforced by an authoritative body sutdwas a
court, but in artificial agent scenarios it is difficult or impossibleréxe the behavior of
an artificial agent to its human “owner”. Therefore agents need some way of kgpowin
how to evaluate the “trustworthiness” of others.

The model of trading we will adopt consists of a two-stage processrenthe
first stage involves only partial commitment. The second stage proagkgs with an
opportunity to leave before they commit fully. This has someiint appeal for an
agent-mediated electronic commerce setting, since a normal pattern of hetvewidd
probably be to send an agent out on to the web to make tentative arrangeuents,
only spend large amounts of money with explicit confirmation from bluman who
sent it [8]. It also provides a precise way to measure “trustworthineggle for any
agent it is possible to count the number (or percentage) of times it heftsunitial
commitment.

Sandholm and colleagues introduce “Leveled Commitment Contracts” whash all
agents to choose their level of commitment at the beginning [9-1 Hn#scare allowed
to decommit, but only if they pay the other participant(s) a predetexdnenalty. The
payment is assumed to be enforced by the market.

An example of daissez fairanarket is is the work of Seet al.[12, 13]. He assumes
no market intervention, but that agents choose which others to worlaadtbrding to a
system of reciprocity. They remember which agents have reciprocated theddliey
have done for them, gradually learning which others can be trusted. l& s@mibmunity
of cooperating (though self-interested) agents emerges.

The “brownie point” model of Grosz, Kraus and colleagues [4, 15] represent
moderate level of intervention, where there are both market-imposedigsrfal de-
committing and agent-imposed reluctance to do so.

1.1 Our problem

Our main interest was investigating different approaches to market intemetie
primary aims being to explore ones that elicit cooperative behaviouor fhe agents
and to consider identifying characteristics of the environment and agerdaations that
may make one approach more suitable than another.

We have devised a scenario general enough to incorporate all three of thiewleci
factors described (decommitment penalties, brownie points and reiiahitid flexible
enough to adopt various combinations of their features. See Section 2.



Some parameterisations that involved only decommitment penalties coatibbe
ysed mathematically. In most cases, the analysis showed that the agents hgitaved
mally, in the sense that they always ended up maximising the total vatbhe targets
they caught. In one case, agents were shown to behave “fairly”, meaningehaayth
off of the second-lowest-paid agent was maximised. Section 3 describesallyticah
results.

Since it was not possible to analyse the “brownie point” and recipracdiased
markets, we constructed a simulation in Java and performed experinmethe @f-
ficiency of the agents under different market conditions. The first expetis were
mainly checks that the simulation reproduced the results contained ihdbho2[4].
These were generally successful, finding that a moderate emphasis on ‘b pmimts”
and small to medium decommitment penalties were optimal. Section 4 contains em
pirical investigations. The most interesting result was the formatiostable teams
using the reliability-based approach (section 4.2). Other results swdithe intuition
that “brownie points” and decommitment penalties perform similar roleseetion 4.4
shows that combining them does notincrease performance compared toitopoivris”
alone, and section 4.3 shows that “brownie points” perform similareicommitment
penalties but slightly better. However, the reliability strategy vigsicantly different.

2 The Scenario

The theme isthatagents band together to capture “targets”. This correspoperating
successfully together as a team. Agents are self-interested, though thepopsyate
when they believe it is in their long-term interests.

There are a number of runs, each of which has four stages:

1. Each agentin turn chooses an initial target to try to capture. It moveatttatiget,
and may make a commitment to stay there until the end of the run.

2. New targets appear.

3. Each agent in turn has one opportunity to leave its current target, pajeaom-
mitment penalty required, and move to another.

4. (Clearing) The number of agents at each target is counted. If a target hasti&noug
agents it is considered captured and its value is counted towards the faal tot

At the end of each round all targets disappear, all agents are released from all
contracts, some new targets appear and all agents are removed from the board.
Each target has three important properties: the number of agents requisgruce
it, the amount of “money” it will pay each of them, and the decommitment piesal
it will demand if they renegue. Suppose targgtays the first agent to arrivet, the
secondz% and so on (of course it only pays if it is captured). We will assume that
af > af >
The agents play in turns, in the same order in each round. Agerg then-th to
play. We chose a consistent (rather than random) playing order so the afitertainty
in the game was controlled at one point, the new targets. This is soatéess realistic,
but it made it much easier to design and evaluate agent strategies. In someedsase
commented on how the game would have differed if playing order had beeomand
The following are common knowledge:



— The payoffs offered, number of agents required and decommitment penatties d
manded by each of the “old” targets.

— The number of new targets that will appear and the number of agents retjuired
capture each.

— The number of agents.

— That agents are perfect reasoners, each one aiming to maximise its own payoff.

— The probability distributions of the payoffs offered by each newaafcommon
knowledge at the start of round one).

— The payoffs offered by each “new” target (common knowledge at the startintir
two).

Each simulation consists of a number of runs, each of which has the satnedins
targets and the same agents. A new set of second-round targets is generated.in,each
according to a fixed probability distribution. We recorded the averagege value of
the targets captured per run.

Agents use two different brownie-point-like numbers in their caléoitest The first
one (which we will refer to as “brownie points”) is almost exactly likat in [4] —
each agent keeps a record of its own behaviour and is uninclined to decomtmit if i
“brownie points” will suffer much. The secor(geliability) involves keeping a record
of other agents’ behaviour, and preferring to work with agents who haea reliable
in the past. Each agentupdates its record of “Brownie points” and reliability at the
end of each run, according to the following rules:

BP+1 If agent stayed committed

BP — o, /o, If agent decommitted from a
target offering, to one
offeringo,

BP =

(Rel(a;) + 1 If agenta; was at the
same target and stayed
committed

Rel(a;) — 0o/ 0p If a; decommitted
from a target wherex
was offered, and
moved to a target where
it was offeredb,,.

Rel(a;) = 4

\

where BP is the agent’s “brownie points”, while Re}) is its evaluation of agent
«;'s reliability. The justification for deducting the ratio of offer®im reliability when
an agent decommits is that the agent who has been decommitted against is eipte lik
be forgiving if it didn’t lose very much due to the decommitmentfaéhé decommitting
agent was making a large gain by leaving. Similarly, in the case of BP, ageat
more likely to forgive themselves if they decommitted from a low-pgytarget to a
high-paying one.

When deciding how to play, agents use a weighted sum of the three mainl-consi
erations: expected payoff, effect on their own “brownie points” and thelgsaviour



of others (reliability). The decommitment penalties are automaticallyided in the
expected payoff.

Estimating the probability that a target will be captured requires sestimations,
since agents can't predict exactly what others will do if the others are dmenirsj
“brownie points” or reliability as well as their expected payoff (see tlseuksion in
section 4).

3 Some analysis of special cases

The most interesting results in this section are the ones that shothérsslf-interested
agents succeed in achieving the optimal payoff for the group (sectioran8.3.3).
Section 3.3 shows that this happens even for quite general assumptarigtabde-
commitment penalties. The first result, in the case where agents havekanyeairs
but do not have any decommitment penalties, demonstrates that the agdvateidur
maximises the payoff of the second-least paid agent. This is surpfairggroup of
agents that are self-interested and do not even consider the payoffs af other

Note about phrasing: When we write “plays in the first (second) placejfinean
“becomes the first (second) agent at a target.”

3.1 Case 1: Agents working in pairs behave fairly

Simplifying assumptions:

— No targets appear or disappear after the first round. This means that agénts wi
not change targets in the second round because no new information has become

available to them. Hence this analysis is about how they should chbeisditst
target correctly.

— There are no decommitment penalties.

— Each target requires exactly two agents to capture it.

— If atargetis captured, it pays strictly positive amounts to each agent at it

— There are at most twice as many agents as there are targets. If there were more

than that, all the agents would know that all the targets would be captoddeir
strategy would simply be to take the largest available spot.

— There are only finitely many targets.

— Being the first agent to arrive at any target is always better than being theddeco

arrive atany target, aslong as both targets are captured. Tindjsy? > max;, z5.

It is not the case that the first few agents can simply choose to be thedasts at
lucrative targets, because they need to worry that those targets may noiceesfully
captured. Let there b@ agents.

Since they are all perfect reasoners, every agent that has an opportuniydotge
a positive payoff will achieve a positive payoff.

Claim. Every agent, except the last onerifis odd, can guarantee a positive payoff.



Proof If, at agent’s turn, there is a targét with one agent already at it, thencan
choose to be the second agent there and guarantee itself a piayof.

If all the targets are either free of agents or occupied by two, and if therddasit
one more agent left to play aftes; thena can choose to be the first agent at the target
k' with &' chosen so that’;' is maximised. If it does this, another agent will surely play
at the second place on the same target because at least one of the agents yet to play
must play in second place (the last agent always does if it can), and an ageng phayin
second place can maximise its payoff by playing at takget

If m is even, one of the two cases above always holds. g odd, one of the cases
holds for every agent except the last one. Therefoman always achieve a positive
payoff unless it is the last of an odd number of agents. (Box).

Corollary At the end of the round, every agent (except whenm is odd) will
successfully capture a target, though not necessarily the one descriltweddbydrithm.

A simple optimal strategy Since each agent has only finitely many possiiles,
they could each perform full lookahead to determine which targets would lberedp
then choose the most lucrative. Therefore, each of the| fifgtagents to play can work
out which targets will eventually be captured, depending on what movalkiem They
will always play in the first place at some target, singi@; x¥ > maxy, z5.

Consider agent = | . Playing in the first place at any target must result in a zero
payoff, because if a second agent cooperated wijth,,, then one of the preceding
agents would end up with a zero payoff, violating the corollary. Even if |, plays
as the first agent at a vacant targesuch thatz% is maximised, no other agent will
cooperate — all of then — |7 | — 1 agents that play afterwards will prefer to play in
second place at one of the fifsf | established targets. Therefore, the f|r§t| agents
have chosen (in first place) all the targets offering the hest| 7 | — 1 second places.

If misodd,m — %] — 1= [%], sothe first| | agents occupied exactly those
targets that had theZ | highest values af5.

Therefore the best algorithm for ode (supposing this is thg¢th agent to play) is:

If (7 > [ %] + 1) play in second place at an already-occupied takgaich thate® is
the highest available.

else sort the targets by their valuesidf Choose a target that has one of the highest
| 2 | values ofr}, such that the corresponding valuendfis the highest available.

Theorem 1The result always maximises the payoff of the second-last (and hence
second-lowest-paid) agent.

Them — 1-th agent occupies thig2 | -th bestz position. (Box)

The case when there are an even number of targets is very similar, excepethat th
last agent always has only one possible move, so one first-playing agegetcaway
with choosing a target that has a small reward for the second agent.

If second-round playing order is random, new information (the pigdrder) is
revealed. Ifm is odd of and the agents have executed the algorithm above, no agent will
benefit from moving in round two because the lucrative places will alreadgkean.

If there is an even number of agents, this is not the case — an agent which played
second place can benefit by moving to the first place at another target and relyiveg o
last agent having only one possible move.



3.2 Case 2: Uncommitted agents working alone behave optimally

Assumptions:

— There are no decommitment penalties.

— Each target requires exactly one agent to capture it.

— If atargetis captured, it pays a strictly positive amount to captuagremnt.
— There are at least as many first-round targets as there are agents.

Let the values of the “old” targets he, - - - ,m{b' wheren' > n. Without loss of
generalityzl > 22 > --- > :17?’. Let the values of the new targets (known probabilis-
tically) be represented by the random variablgs, - - - X(,,»), whereX ) > X(3) >
«+» > X(nry. The random variablé(;) is thei-th order statistic of the “new” targets’
values. Suppose it is given by p.df.

Agents have nothing to lose by committing in the first round¢aithere are no
decommitment penalties. If an agent (apart from the last one) does not camma i
reduce its payoff because another agent playing later may “take its place”. Ongnif ag
ay, is certain that at least one new target will pay more thfadoes it have nothing to
lose by not committing. We will assume such agents commit. All therstwill commit
because they have nothing to lose by doing so, but the potent@dedflthey fail to.

Each agent will chose the most lucrative target in the first round. Whenargets
appear, the agents will shift into any more lucrative positions indtter they first
played. An “old” target that is vacated may be re-occupied by a later agent. Therefore
the agents always capture thenost lucrative targets, with their payoffs decreasing in
the order of their playing turns.

Agenta; captures “old” targei — k iff there are exactlyk “new” targets more
lucrative than it. That is, i) > wi_k > X(r+1)- The agent captures “new” target
i — 1 iff there are exactly “old” targets greater than it. That is,4f, > Xy 2 a:’1+1.

Therefore, at the start of round one, ageyis expected payoff is

i—1

) ) i—1 wll
infk Pr (X > a:’fk > X(k41)) + Z /l+1 xpi—i (z)dz
k=0 1=0 " 71

whereX gy = z{ = oo andp;_; is the p.d.f. of the(i — 1)-th best “new” target.

If second-round playing order is random, the analysis is similar exbapteach
agent has to consider its expected payoff in each oftlegui-probable permutations of
players. This makes computation much more intensive and also considieiabelyses
the uncertainty of the agent’s payoff. The same observation is trughéofollowing
case.

3.3 Case 3: Moderately-committed agents working alone still behaimalpt

Assumptions: The same as case 2, except that now there are decommitmetiggenal
The assumptions about them are:

— Decommitment penalties are always non-negative.



— The decommitment penalty for a target is a functjoof the target price, with the
property thatd + ¢ is monotonic increasing.

— Ifatargetis decommitted from, it offers a higher payoff in the secondd. Target
; offerszt + ¢(x?).

The second condition asserts that the ordering of the targets is theafiemedding
on the decommitment penalties. This will be true whenever the offerfsuiaapart and
the decommitment penalties are relatively small.

If all the agents certainly committed in the first round, the secondet@malysis
would be the same as case 2 with+ ¢(z] ) substituted for:] for all j. However, since
the agents now have something to lose by decommitting, they miglatways commit
in the first round.

It is possible to arrange a decommitment scheme so that agents are toanttoict
decommit, even when decommiting would be extremely beneficial. This wiafieht
the purpose of leveled commitment contracts. In this case we can showuttats
problem does not occur.

Theorem 21In this case (where there are decommitment penalties) it is stilthatthe
n agents occupy the most lucrative targets at the end of the second round (where the
value of “old” target 7; is taken to beri + ¢(z?)).

Proof (By contradiction). Suppose there is an aggntvhich, at the end of round
2, occupies a target that is not among the most lucrative ones. Then there is at least
one unoccupied target in themost lucrative ones. Therefore whep took its turn in
the second round, there was at least one unoccupied tgrgethe n most lucrative
ones —the number of unoccupied targets in that set can’t have increased sagants
would have left those targets to move to lower-paying onesy IEhoser; rather than
7; in round 2, it must have been because

02(7;) > Oa(75) if ax was not already
committed tor;
or
zi > O0s(7j) — ¢(2?) if ax was already
committed tor;

whereO,(7y,) is targetk’s second-round offer.

These (equivalent) conditions both violate the assumptionsthat one of then
most lucrative whiler; is not (because of the assumption thét+ ¢ is monotonic
increasing. (Box).

In the last two cases, the targets collected when there are decommitment penalties
are exactly the targets collected when there are no penalties. Hence decommitment
penalties neither improve nor detract from the group’s payoff in thie.ckds also
interesting to ask whether adding decommitment penalties alters which agetutsecap
which targets. In the one- or two-agent cases, there is no change.

Theorem 3If there are two or fewer agents, the final state in case 3 (where tmere
non-zero decommitment penalties) is the same as that in case 2 (\wbherate none).



Proof In the one-agent case, the best strategy is to wait until the sexond and
then pick the best target. This produces the same final state as case 2.

If there are exactly two agents, suppose there are two old targatslr and two
new targets; andos. Assuming two new targets does not result in a loss of generality
because if there were more targets, all but the first two would be igrmydabth
agents and if there were fewer targets, this could be modelled by settipydhability
distributions of the two so that one or both of them were guarantebd 8o low that
they would not be considered. Assuming two old targets is also rasisaof generality,
because we can assign one or both of the targets a value of zero.

Since the final state can only be different from case 2 when in the firstraun
commits to target 1 while; either doesn’'t commit or commits to target 2, it suffices to
show that it is never individually rational for the agents to behavhigway.

In the following table, “NC” indicates no commitment, “C1” indicates cortimg
to targetr; and “C2” to targetr, in the first round X1y and X y) (WhereX ;) > X(3))
are the payoffs of the “new” targets, given by p.chfsandp- respectively. The agents’
expected payoffs for all possible round 1 actions are:

It can be seen from Table 1 that's expected payoff depends only on its action, not
on that ofay, although of course; ’s commitments restrict the possible places taat
can choose to commit. However,’s payoff is dependent on the behaviouwaf since
it matters whethet, commits to target; possibly forcingx; to accept a lower payoff
if the “new” targets turn out to be of lower value than expected.

To prove the theorem, we will show that cases 2 and 7 never occur, begaoaa
always predictz’s behaviour, and if it knows that, will choose to commit to target
71 thena; will commit to that target instead.

Suppose thaty; doesn’t commit to target;. Agenta, only needs to compare
committing tor; against not committing, since committing t¢ (cases 3 and 5) is
always worse than not committing (cases 1, 4 and 6). It will commt tiff

/w po(@)[r — B(ard)de

i+o(e1)
+Pr(X(2) < o+ (1))
> / zpa (z)dx
zi+é (1)
+Pr (X > a1 + ¢(a1) > Xz)) (a1 + (1))
21+e(e1)
+/ zp1 (z)dz
z3+¢(23)
+Pr (X < af+ ¢(2i)) (2] + ¢(27))

This implies

[ s

1+o(e])



Payoffs

[N

a1(NC): f1+¢(z1)mp1(w)dm
+Pr(Xo) < o +¢(2}) (@} + g(ad)
az(NC): f1+¢( 1)xp2(m)dx
+Pr (X > o1 +¢(21) 2 X)) (21 + $(21))
+ f 21:;)((;21)) zp1(r)dz
+Pr (X(l) <z} + ¢(a])) (] + ¢(a}))

a1(NC): f 2 46(a2) zp1(z)dx

+Pr (X < 23 +6(23)) (@3 + 6(2D)
az(Cl1): f1+¢(z1)p2( z)lz—¢ (z})]dx

+Pr (X(z) < zi + ¢(z1))(x1)

a1(NC): Same as state 1
A

P x (wl + ¢($1) ¢(z7))

+ [ @) — gD

+Pr (X(l) <ai + ¢($1))($1)
where P =Pr (X > zi + ¢(z1) > X2))

a1(C1): f:fw(w%)pl(w)[@“ — ¢(z1)]dx
+Pr(X) < @i + ¢(xi))(z1)
a3(NC): Same as states 1 and 6

a1(C1): Same as state 4
ag(CZ) Same as state 3

4 Pr (Xa) < 2} + d(a]))(al - 9(a?))
OﬁQ(NC) Same as states 4 and 1

+ Pr (X(l) <zi+ 4)(3:1))(:1:1)
(which is always worse than state 2).
a3(Cl): Same as state 2

Table 1. Agents’ payoffs for the two-player game




+Pr (X <21 + ¢(21))7]

> / zp1 (z)dx

2+o(23)
+Pr (X < a7 + ¢(a7)) (2] + ¢(21))

which is exactly the requirement far; to choose case 4 or 5 rather than case 2.
That is, it will always commit to target; when it thinks that, will do so otherwise.
Thereforex; always captures the most lucrative target anthe second most lucrative.
(Box).

4 Empirical Work

When agents are considering “brownie points” or reliability, their beha becomes
difficult to predict, both for us and for the other agents in the sintatSince it was
no longer feasible to do analysis, we investigated it using empiricalodsth

Because the agents cannot predict exactly the behaviour of others, they nesddbt
some estimates of probabilities such as the probability that a partiemggat will be
captured or that a better offer will appear. These estimates are based partbgi@tedi
order statistics [5] and partly on less rigorous methods

Our first experiments were designed to check that our system behaved regsonabl
when presented with situations similar to those in [1, 2, 4]. Theperaxents gener-
ally replicated the results reported in those papers, showing that a atedevel of
decommitment inhibiting (that is a moderate “brownie point” weighthie former, and
small-to-moderate decommitment penalties in the latter) were optimhbtimcases,
they were better than allowing agents to decommit freely or enforcing faiheitment.

The first experiment reported in detail here demonstrates an interestpgrpyr
of the reliability considerations. It shows that this method can be teséam stable
teams that can be more effective overall than ad hoc alliances. In the nexteepegri
“brownie points” and decommitment penalties are compared on the same ssenario
“Brownie points” are shown to be more effective in both cases, mainly lsechigh
decommitment penalties tend to discourage agents from comitting iiffdie third
experiment shows that having both decommitment penalties and “browimiesis not
better than having only one. The final experiment shows that, althaliglbility can
often be very effective, decommitment penalties are sometimes better.

4.1 Background Experiments: Checking that “brownie points” and dectmeani
penalties work as expected

Figure 1 shows the agents’ average effectiveness in a particular scenariorasiarnf
of the weight they attach to “brownie points”. There were no decommitipenalites

! The main idea is to assume that all the other agents who amnwhitted will choose targets
at random, then to count the various ways in which this carobe dT he assumption of random
choice is the non-rigorous part, but it seems a reasonabtieiniar behaviour that the agent
can't predict



in this experiment. As expected, a medium value (about 40) is the nfestieé, since
then agents tend to decommit exactly when it is particularly beneficial to do so.

Fig. 1. Average group income vs. “brownie point” weight

Figure 2 shows the results for agents paying no attention to “bropwir@s”, but
having to pay decommitment penalties. All decommitment penalties were ejuze (
all first-round offers were approximately equal). As expected, a smalhbntzero
decommitment penalty (about 30) was optimal. This corresponds to 1896 tdrget’s
offered value, which is slightly higher than the percentage noted elseyh&ie
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Fig. 2. Average group income vs. decommitment penalty

4.2 Experiment 1: Using reliability to form stable teams

In this case there were no targets in the first round (so an approach basecbomit-
ment penalties would have had no effect), then a large number of equally aigetst



in the second round. The number of agents was far too small to capture &lfdgets, so
cooperation was extremely important. Each agent kept a record of every oth&s agen
past decommitting behaviour, summarised by a reliability value thatimasased
when the other agent successfully captured a target with the first, and decréaseitl w
decommitted against it.

A graph of the agents’ average effectiveness over time is shown in Figtoe 8
fixed value of brownie point weighting. Agents were generally ineffectivthe first
few rounds because later agents ignored low-paying places on targets thatready
partially occupied, preferring instead to take higher-paying places on satiggt did
not yet have other agents. The result was that at the end of a round, therenany
targets with not quite enough agents to capture them. As the simulatimressed,
those agents who had cooperated successfully in the past (i.e. caught sogetetr)
gradually coalesced into stable teams that always succeed in capturing a target. The
teams were much more effective than the disorganised agents, thoughethavidur
was still below optimal because they often did not capture the best tjugethe
one that offered the first agent the highest payoff. For reference, the edpmatimal
payoff (if the agents had some central planner to choose their targetefoj ttould
be approximately 34, about double what the agents achieved.
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Fig. 3. Running average group income over time for fixed bditgt weight

The exact value of the weight attached to reliability seems unimportarangsabk
itis non-zero. See Figure 4 for a graph of effectiveness as a functiorsaféiight. The
intuition is that after a short while an agent’s commitment to its stealin becomes
an overriding concern, so its exact weight doesn’t matter greatly. Thistialgca bad
thing — if the agents were a little less committed to their team theyavoelbetter able
to take advantage of the best targets, though they would be less cersaiccessfully
capturing them.

A random playing order would probably disrupt this team formaticetdause it
relies upon agents just happening to appear in the same teams repeatedly, @arly on
the simulation. It would be interesting to investigate whether tedithfosmed under
random playing order — they would certainly take much longer to do so.
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Fig. 4. Average group income vs. reliability weight

4.3 Experiments 2: Comparisons of the different methods on the saanarsos

Fig. 5. Average group income vs. decommitment penalty, fqrEiment 1 scenario

Figure 5 shows the effect of using decommitment penalties rather thanrile peints”

on the same scenario as Experiment 1. The main difference is that the grediest v
attained by decommitment penalties is lower than that achieved using brpwinis
(about 205, compared to 210 in Figure 1). Figure 6 shows the effeetigaf “brownie
points” for the scenario in Experiment 2. Again the “brownie poirtsperiment has a
higher average group payoff (c.f. Figure 2).

In the former, where there was one large group target and many smaller tnews;’
decommitment penalties were unsuccessful because they tended to deter sosie agent
from decommitting in the first place. (This was clear from watching theukition).
Agents considering committing in the first round factored the expectss due to
decommitment penalty into their calculations. If the decommitment penals/high
and the agent was likely to get a better offer from the “new” targets, it dicommit.
The result was that the group target was rarely captured, so the averag@gyoif was



2250

+++++++++++++

2200

2150

2100

2050

2000
0

Fig. 6. Average group income vs. “brownie point” weight, Ebxtperiment 2 scenario

not much higher than the payoff of an always-decommitting group. lgo$inrownie
points” however, was not a disincentive to commit in the first rqyust a disincentive
to decommit in the second. Hence agents tended to commit to the group tatget i
first round and then only sometimes decommit to chase the smaller targeisgiioup
payoff was consequently higher than an always-decommitting group’s.

A similar effect occurred in the latter, though the results were morequioced
because of the scenario itself. Again high decommitment penalties deterrest earli
agents from committing in the first round, so the final result was lessative than
it had been for the “brownie-point” oriented agents. In this case there wagya
discrepancy because the usual final arrangement of the agents was differdvw for t
different cases — with decommitment penalties, agents tended to capture ohe “old
and four “new” targets (because of their reluctance to commit to “old” targéisliy),
but using “brownie points” agents tended to capture three “old” and oee™target,
which was generally more lucrative.

“Brownie points” have the benefits of decommitment penalties, singeghatly
discourage agents from decommitting, but they don’t have the @mobf acting as a
deterrent to initial commitment.

4.4 Experiment 3: Combining “brownie points” and decommitment peysalt

So far in the experiments described, either there were no decommitmentiggpalt
the weights attached to “brownie points” were always zero. “Brownie pbiand
decommitment penalties work in very similar ways, by discouraging dectment
just enough that agents decommit only when it is very lucrative. Therefutgtively
we would expect that combining decommitment penalties and “browniegjeiauld
resultin little or no overall improvement, relative to using “broepbints” alone.

This is exactly the result shown in Figure 7, where group effectiveisesotted
against decommitment penalty, for several different “brownie-point” tsigr he over-
all maximum (about 2227 for decommitment penalty 10 and “brownie-puieijht 10)
is not significantly higher than the maximum for “brownie pointshofabout 2220 for
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Fig. 7. Average group income vs. decommitment penalty, ifiterént “brownie point” weights

“brownie point” weight 50). As the agents’ “brownie point” weightreases, the opti-
mum decommitment penalty becomes smaller. This reflects the fact that decommitmen
penalties and “brownie points” combine to limit decommitting.

4.5 Experiment 4: When decommitment penalties work better than reliability

One problem with reliability is that it may take agents some time tmfioto teams. By
contrast, decommitment penalties work immediately. Another issue iadgleats using
only reliability can sometimes form teams that are too strong, from whihwill never
decommit no matter how good the outside opportunities. Both oétbffects could be
seen from the agents’ behaviour in this experiment — Figure 8 shavagfents using
reliability were initially much less effective than those using decomnaitt penalties,
and even when they formed into teams were on average slighly less effective.

The scenario consisted of one two-agent target in the first round, withpdach
offering 3 units, and one one-agent second-round target, offering beGaaah? units.
Hence the optimum behaviour has expected group p%oﬁzvhich is about what the
decommitment-based group achieved.

5 Conclusions and Further Work

The agentsin this scenario displayed some quite complicated and intg testiaviours,
including forming stable teams (section 4.2), obtaining optimalupgrpayoff (sec-
tions 3.2 and 3.3) and behaving fairly to the less fortunate (sectijn Bhe results of
the experiments are consistent with other research when the scenariosambjacii 4],

showing that a moderate “brownie-point” weight or small-to-modedatmmmitment
penalties produced optimal behaviour.

The most interesting aspect of this work is in further investigatiminthe team-
forming that occurs when reliability is considered. The aims would beéigcover a
general description for when this happens, and investigate whether #sibfmto make
the resulting teams more efficient overall.



Fig. 8. Average group income vs. number of runs, for agentgyumly decommitment penalties
and agents using only reliability. Those using reliabilityprove more slowly and reach a lower
maximum than those using decommitment penalties.

More generally it would be interesting to try to evaluate more systeaibt the
performance of different methods under many different circumstances, atoddingar-
acterise methods that seem to suit particular types of scenario.

The interaction between methods is another direction for research. latyitive
would have expected the result in section 4.4 that combining decomntipapalties
with consideration of an agent’s “brownie points” results in littteno improvement,
since the purpose of either method is simply to restrict agent decoimgnitt those
occasions when it is very beneficial. However, adding reliability weightantother
method could be very interesting, since reliability has a significaiitfigrdnt effect.

Another interesting question is whether the reliability count is unrescédyg com-
plicated. An alternative approach would be that agents simply remember widntsag
had decommitted against them and then avoid them completely. This wouldtheake
computations significantly simpler, since it would effectively ink boolean value
for reliability. It also coincides more closely with human attitudesdéadlters, at least
in some cultures and contexts$t would be interesting to see whether this method was
as effective as the more complicated version in causing teams to form.

This scenario could also be considered from the perspective of agent d&sign.
far we have considered only homogeneous agents, but this is not veticedine
interesting question is what kind of agent is best suited to interactangfiven set of
(possibly diverse) other agents. Suppose that the designer knowigstfibution and
types of other agents that will occur. What kind of agent (i.e. what weightsdch
criterion) should he or she choose? It would be possible to evatifédéeent types of
agents in different contexts using the simulation.

There is still a lot of work to be done before these results can realilstbe applied
to building intelligent agents for e-commerce. However, the scenario doeglp a
flexible framework for investigating trust and reliability. Its vdts so far are consistent
with intuition about how a simplified market should behave.

2 Frank Dignum, personal communication; also [6].
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