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Abstract
We experiment conditions for the emergence of trust in a
multi-agent bidding setting using a computational
approach. This is a follow up of our study on multi-agent
bidding and contracting for non-storable goods. In this
framework, there is a long-term contract market as well
as a back-stop spot market. Seller agents bid into an
electronic bulletin board their contract offers in terms of
price and capacity, while Buyer agents decide how much
to contract with the Sellers and how much to shop from
the spot market. The goal is the following: First, to
investigate if agents using reinforcement learning (nonmyopic bidding) can discover good and effective bidding,
auction and contracting strategies when playing
repeated non-linear games where there does not exist
any equilibrium; Second, to explore the emergence of
trust in the sense of what kind of mechanisms induce
cooperation in the above repeated non-linear game.

1. Introduction
We study the emergence of social trust [3, 4, 7,
14, 15, 18, 19] in a setting that was motivated from real
problems of Internet auction of non-storable goods such
as electric power [25, 26, 27, 32, these references are
grouped thereafter as WKZ for short]. WKZ papers set
up the theoretical framework for the optimal bidding and
contracting for non-storable goods. The framework
models the interaction of long-term contracting and spot
market transactions between Sellers and Buyers for nonstorable goods. Sellers and Buyers may either contract for
delivery in advance (the “contracting” option) or they
may sell and buy some or all of their output/input in a
spot market. WKZ papers show the optimal contracting
strategies for the Buyers and the optimal bidding and
auction strategies for the Sellers. WKZ papers also
characterize existence conditions and structure of market
equilibrium for the associated competitive game between
Sellers, under the assumption that Sellers know Buyers’
demand functions. However, if these conditions are
violated, there does not seem to exist any equilibrium.
However, in practical Internet auctions, the conditions as

required in the WKZ theoretical framework might
frequently be violated, which gives us the motivation of
this study. Here we are interested in using artificial
agents based computational approach [10, 13, 16, 17, 23,
24, 27, 30, 31] to explore the dis-equilibrium behavior of
such a dynamic bidding system. In doing so, we model
each selling artificial agent as a learning automata [12,
17], where the learning mechanism is characterized in
reinforcement learning [6, 21] and genetic algorithms
[11]. Each buying artificial agent is embedded with an
optimal contracting strategy as derived in WKZ papers,
hence Buyer agents do not learn since they are already
using the optimal strategies given available bids on the
electronic market. We study cooperation based trust [8]
in this multi-agent electronic marketplace, and
experiment conditions for selling agents to learn to trust
[5] via co-evolution of bidding strategies [9, 17]. We test
reciprocity as a device for contract enforcement or trust
building [7]. This paper is a follow up of our paper [28]
on multi-agent bidding and contracting for non-storable
goods, where we extend the myopic learning to nonmyopic learning, in particular, with a focus on the
emergence of trust. We note here in passing that
although throughout the paper, agents auction nonstorable goods, the approach studied here is quite
general, it can be used to auction storable goods as well.
The goal of the study is the following: First, we
investigate if artificial agents can discover good and
effective bidding, auction and contracting strategies when
playing repeated non-linear games where there does not
exist any equilibrium; Second, we explore the emergence
of trust in the sense of what kind of mechanisms induce
cooperation in the above repeated non-linear game.
The following of the paper is organized as the
following. Section 2 provides a brief literature review.
Section 3 investigates non-myopic bidding strategies.
Section 4 studies the emergence of trust using a
computational approach. Section 5 summarizes our
findings.

2. Literature Review
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The issue of social trust is not new, it has been
the central debate of philosophers from the beginning of
human civilization [20, 24]. This issue becomes
extremely important and imperative in electronic
communities since it is difficult to figure out to whom
you can trust in electronic marketplace [18, 19].
Surprisingly, the notion of social trust has never been
agreed upon among philosophers nor among economists
[3, 4], some argue that trust might be the results of
Bayesian learning [15]. This makes computational
approach of trust [16] difficult if not possible. In this
paper, we view trust as cooperation via reciprocity from
the computational economics literature (see, e.g., [3, 7, 8,
9]), where most of the work are based on lab experiments
of human beings playing various simple trust games [5,
6, 7, 8, 9, 22]. Miller [17] studies the co-evolution of
artificial agents playing the prisoner’s dilemma game [1,
2] where agents are automata equipped with genetic
algorithms. Wu and his colleagues explore coordination
and cooperation in multi-agent organizational systems
such as multi-agent enterprise modeling and multi-agent
supply chain management [13, 24, 29]. In this paper, we
continue such exploration for a different problem: multiagent bidding and trust building in an electronic
marketplace.
In the next section, we describe our model in
detail.

3. Non-Myopic Bidding
We use the same price-bidding model for the
multi-Seller case as in [28]. There are N Sellers, which

{

}

form a set Ξ = 1, L , N . Each Seller i maximizes its
expected profit Eπi by bidding a contract price xi
anticipating the Buyer’s optimal contracting strategy Qi .
Each Seller has a capacity limit Ki and a minimum cost

ci for entering the forward contract market. In the
following illustrative example, we assume as in standard
economics literature, linear contract demand, however,
our model is general in handling any demand functions,
linear or non-linear. We assume the demand function as

Di = (100 − xi ) + , where y + = Max [ y ,0 ] . In case
there is a bid tie, following WKZ [27], we adopt the
following bid-tie allocation mechanism: If there is a tie in
bids among any subset of Sellers, then Buyers’ total
demand for that subset of Sellers is allocated to the
Sellers in proportion to their respective bidding
capacities.
The following model describes the Seller’s
problem. ∀k ∈ Ξ , we define the following sets:
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We use the same three-Seller repeated game
with the same technology and capacity parameter settings
(see Table 1) as in [28] to illustrate our approach. In the
table, ci is the technology index that indicates the
minimum price requirement for Seller i to enter the
forward contract market, and Ki is the Seller i’s total
available capacity.
Table 1: Technology and capacity parameters for the
three-Seller contract market.
i
1
2
3
Ex.1

ci

10

10

18

Ki

40

40

30

Since myopic pure strategy price bidding does
not lead to cooperation [28], we study whether nonmyopic pure strategy price bidding would do better. If so,
we are interested to know the conditions for agents’
cooperation. We begin with no agent learning (fixed
strategy tournament), then move to one or more agents
learning. It is natural for us to choose reinforcement
learning [21] as the primer learning mechanisms for our
artificial agents since we do not know what would be the
optimal or good bidding strategies in this setting (as
noted in the introduction section), rather, the artificial
agents have to discover such good or reasonable bidding
strategies, i.e., there does not exist a teacher who can
provide the feedback to train the agents as what are the
right directions.
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No learning. First we consider agents with fixed nonmyopic strategies (no learning over time). In this case,
the bidding strategies of agents are pre-specified and
fixed for each and every time period (t). We endow each
Seller with strategies like Random, or Tit-for-Tat or
other strategies (defined below), and conduct
tournaments to find out the winning strategies, in the
spirit of Axelrod’s tournament of the Prisoner’s Dilemma
game [1, 2]. However, it should be clear that we are
investigating a different class of problems that are of both
theoretical and practical importance as discussed in the
introduction as well as in WKZ papers.
Consider three Sellers (i, j, k), each Seller tries
to maximize his own profit,
M a x im iz e E π i ,
x

i

Nice: xi ( t ) = 55 ;

Tit-for-Tat: xi (1) = 55 ;

If x j ( t − 1) = 55 and xk ( t − 1) = 55 ,
then xi ( t ) = 55 ;

x j (t − 1) ≠ 55 or xk (t − 1) ≠ 55 ,
then xi ( t ) = 18 ;

Seller 2:
Random: x j ( t ) ∈ [18,55] ;
Nice: x j ( t ) = 55 ;

The results are shown in Table 2.
Table 2: Computer tournament of non-myopic
strategies. Each Seller has three possible strategies, N
(Nice Strategy), T (Tit-for-Tat strategy) and R
(Random strategy) over the 30 time periods. The
tournament consists of 3*3*3 = 27 games. Winner
strategies are Tit-for-Tat and Nice, however, Tit-forTat is Nash while Nice is not.
Strategy
Profit
1
(R, R, R)
(17089, 14500, 5982)
26
(T, T, N)
(22091, 22091, 13623)
27
(T, T, T)
(22091, 22091, 13623)
Now we add a “Nasty” strategy to each Seller’s
strategy space and test the robustness of previous winner
strategies. For every Seller, we define the Nasty strategy
as the following:
Seller 1:
xi (1) = 55 ;

x j (t − 1) = 55 and
then xi ( t ) = 54 ;
If x j ( t − 1) = 55 and
then xi ( t ) = 40 ;
If x j ( t − 1) ≠ 55 and
then xi ( t ) = 35 ;
If x j ( t − 1) ≠ 55 and
then xi ( t ) = 18 ;

If

xk (t − 1) = 55 ,
xk (t − 1) ≠ 55 ,
xk (t − 1) = 55 ,
xk (t − 1) ≠ 55 ,

Seller 2:

x j (1) = 55 ;
If xi ( t − 1) = 55 and xk ( t − 1) = 55 ,

Tit-for-Tat: x j (1) = 55 ;
If xi ( t − 1) = 55 and xk ( t − 1) = 55 ,
If

xi (t − 1) ≠ 55 or x j (t − 1) ≠ 55 ,
then xk ( t ) = 19 .

( t )

while competing with the other two Sellers by bidding a
price x(t) in an electric marketplace. The game is
repeated for a fixed number of times (t = 30).
Each Seller is equipped with three possible
strategies: Random, Nice, and Tit-for-Tat, which are
defined as the following.
Seller 1:
Random: xi ( t ) ∈ [18,55] ;

If

If

then x j ( t ) = 54 ;

then x j ( t ) = 55 ;

If xi ( t − 1) = 55 and xk ( t − 1) ≠ 55 ,

xi (t − 1) ≠ 55 or xk (t − 1) ≠ 55 ,
then x j ( t ) = 18 ;

If xi ( t − 1) ≠ 55 and xk ( t − 1) = 55 ,

Seller 3:
Random: x k ( t ) ∈[19 ,55] ;
Nice: xk ( t ) = 55 ;

Tit-for-Tat: xk (1) = 55 ;

then x j ( t ) = 35 ;

If xi ( t − 1) ≠ 55 and xk ( t − 1) ≠ 55 ,
then x j ( t ) = 18 ;

Seller 3:

If xi ( t − 1) = 55 and x j ( t − 1) = 55 ,
then xk ( t ) = 55 ;

then x j ( t ) = 40 ;

xk (1) = 55 ;
If xi ( t − 1) = 55 and x j ( t − 1) = 55 ,
then xk ( t ) = 54 ;
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If xi ( t − 1) = 55 and x j ( t − 1) ≠ 55 ,
then xk ( t ) = 39 ;

If xi ( t − 1) ≠ 55 and x j ( t − 1) = 55 ,
then xk ( t ) = 39 ;

If xi ( t − 1) ≠ 55 and x j ( t − 1) ≠ 55 ,
then xk ( t ) = 19 .
Our experiment shows that Tit-for-Tat is fairly
robust, it remains to be the winner strategy, as shown in
Table 3.
Table 3: Computer tournament of non-myopic
strategies. Each Seller has four possible strategies, A
(Nasty strategy), N (Nice strategy), T (Tit-for-Tat
strategy) and R (Random strategy) over the 30 time
periods. The tournament consists of 4*4*4 = 64 games.
When introducing Nasty strategies, Tit-for-Tat
remains to be the winner strategy.
Strategy
Profit
1
(R, R, R)
(14718, 13427,7705)
42
(T, T, N)
(22091, 22091, 13623)
43
(T, T, T)
(22091, 22091, 13623)
64
(A, A, A)
(10656, 10656, 934)

65
75

(G, R, R)
(G, T, T)

All agents learning. The above experiment suggests that
strategies like “Tit-for-Tat” may lead to cooperation.
Now we want to study what if all agents are “intelligent”
in the sense that they can learn and adapt. We design a
non-myopic bidding system, as depicted in Figure 1, to
investigate.
Tournament

Strategy List 1

Strategy List 2

Strategy List 3

Seller 1

Seller 2

Seller 3

One agent learning. Now we introduce learning agents
into the game. First we let Seller 1 to learn, and to test
the performance of this artificial intelligent agent in the
above environment. The goal of this agent is:

M a x im iz e E π
x

E π

i

i

( t )

=

30

∑

t =1

π

i ,t

i

( xi (t )|x

− i

(t )),

where, x i ( t ) is Seller 1’s bid at Time t , and x − i ( t )
is the others’ bids at the same time period.
As shown in Table 4, the learning artificial
agent discovers a strategy that outperforms all other
strategies, and it has some characteristics of a Tit-for-Tat
strategy. An interesting finding of this experiment is that
Tit-for-Tat remains to be the best response for the other
players when playing against an “intelligent” player.
Table 4: Computer tournament of non-myopic bidding
strategies. Seller 2 and 3 each has four possible
strategies, A (Nasty strategy), N (Nice strategy), T
(Tit-for-Tat strategy) and R (Random strategy) over
the 30 time periods, whereas Seller 1 is an intelligent
agent (using a dynamic G strategy). The tournament
consists of 5*4*4 = 80 games. The intelligent agent
discovers a winner strategy that outperforms all other
strategies, and it has some characteristics of a Tit-forTat strategy.
Strategy
Profit

(26356, 9842, 4143)
(23115, 21483, 13248)

Strategy Discovery

Figure 1: Non-myopic bidding system
We now formally define this game. Assume
each agent has H rules in one generation, i, j, k indexes
one of rules of Agent 1, 2, 3, respectively. Each rule
specifies the agent’s bid in each and every time period (t
= 1, …, T). Denote t as the tth time period and g as the gth
generation for each Seller to discover new rules. The
objective of each agent is:
Seller 1: M a x i m i z e E π i
x i ( g ,t )

H

Eπi =

H

T

∑ ∑ ∑π
j =1 k =1 t =1

i , g ,t

H×H
Seller 2: M a x i m i z e E π
x

H

Eπ j =

( xi ( g , t ), x j ( g , t ), xk ( g , t ))

H

j

( g ,t )

i =1 k =1 t =1

j , g ,t

( xi ( g , t ), x j ( g , t ), xk ( g , t ))

H×H
Seller 3: M a x i m i z e E π
x k ( g ,t )

Eπ k =

H

;
k

T

∑ ∑ ∑π
i =1 j =1 t =1

0-7695-0981-9/01 $10.00 (c) 2001 IEEE

j

T

∑ ∑ ∑π
H

;

k , g ,t

( xi ( g , t ), x j ( g , t ), xk ( g , t ))
H×H

.

4

Proceedings of the 34th Hawaii International Conference on System Sciences - 2001

4. The Emergence of Trust

Start

To further explore conditions that induce
cooperation, we study the impact of the “climate” on
agents’ behavior. Here we define climate as percentage of
nasty strategies used by the other players. For example, a
nice climate would be that no other players (excluding
the agent itself) use nasty strategies, a mild climate
would that 50% of the other players are nice and the rest
50% are nasty, a bad climate would be that 100% of
other players are nasty.

g=1

Agents randomly generate initial
strategy populations for g = 1

i+1

i=0

No learning. Similar to the previous section, we study
the performance of different fixed strategies under
various climates. In particular, we focus on four different
strategies: Random, Nice, Tit-for-Tat, and Nasty. These
strategies are defined in the previous section. The results
are shown in Figures 3 and 4. An interesting finding is
that the Nasty strategy seems to be the winner in various
climates studied, followed by a random strategy. The
reason why Tit-for-Tat strategy does not do well this time
deserves further investigation, since it may do well in
extremely bad climate. In any case, Niceness does not
pay in the above experiment. The above findings suggest
that the winning strategy depends on the agent’s
negotiation power as well. In this case, Seller 1 and Sell
2 enjoy a technology advantage over Sell 3, therefore,
they can afford to behave nastily to extract as much profit
margin as possible from the market. Seller 3 has a
technology disadvantage, so he has no choice but to be
nasty given the other players will surely take nasty
positions. This can be further illustrated under the very
bad climate where 100% of his opponent players are
using nasty strategies. In this case, whatever strategy
Seller 3 takes does not make much difference to his
fortune.

Yes
g+1

i>A?
No

No
g>G?
Agent i reads the other agents’
strategy populations
Yes
Agent i evaluates its current
strategy population

Do GA to generate a new
population

Agents evaluate their last
population and bid the best

End

A: number of agents;
G: maximum number
of generations.

60000

Figure 2: Flowchart of non-myopic bidding system.
50000

40000
Profit of Seller 1

Figure 2 describes the flowchart of our nonmyopic price bidding system. Table 5 shows the result
(300 generations) for T = 10 weeks’ bid. Once again, we
observe that strategies similar to Tit-for-Tat lead to
cooperation.

Random
Nice
30000
T4T
Nasty

20000

Table 5: Non-myopic bidding
learning.
1
2
3
4
5
1 26 23 27 28 25
2 24 27 26 27 26
3 25 28 27 28 27

experiment: All agents
10000

6
26
25
25

7
27
27
27

8
28
28
28

9
28
28
27

10
29
29
29

0
0

50

100

Proportion of Nasty

Figure 3: Seller 1’s behavior in various climates.
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35000

20000

18000
30000
16000
25000

Nice
T4T
15000

Nasty

12000
Profit of Seller 1

Profit of Seller 3

14000
Random

20000

10000

8000
10000
6000
5000
4000

0
0

50

2000

100

Proportion of Nasty
0
0

25

50

75

100

Proportion of Nasty

Figure 4: Seller 3’s behavior in various climates.
One agent learning. Now we let Seller 1 to be an
intelligent agent, and rerun the experiment. It discovers a
better strategy that beats the “Nasty” strategy. It performs
well under extremely violent circumstances. These results
are depicted in Figure 5.
60000

50000

Profit of Seller 1

40000
Random
Nice
30000

Figure 6: Seller 1’s profit in dynamic climates.
Table 6: GA-agent behavior in various dynamic
environments. (Row stands for 10 consecutive periods’
bids in the same environment; Column stands for one
week’s bid in various environments.)
1
2
3
4
5
6
7
8
9 10
0% 54 54 54 54 54 54 54 54 54 54
25% 54 54 54 54 54 54 54 54 54 54
50% 54 34 48 55 53 55 53 34 55 53
75% 54 34 55 39 34 55 39 34 55 39
100% 54 34 55 39 55 39 55 39 55 39

T4T
Nasty
GA

20000

10000

0
0

50

100

Proportion of Nasty

Figure 5: Intelligent agent Seller 1’s performance in
various climates.
We further test the behavior of this intelligent
agent by allying Agent 2 and 3 in the sense that they will
have identical strategy population with the same
percentage of nasty strategies, ranging from 0%, 25%,
50%, 75%, to 100%. Figure 6 shows our intelligent
Seller 1’s profits over dynamic environments, and Table
6 shows his corresponding bids over the first 10 weeks.

We observe that, from Figure 6 and Table 6, the
intelligent agent learns immediately how to take
advantage of a nice climate by being nasty (Row 1 and 2
in Table 6) and profit as much as it can. Even more
interesting, the intelligent agent can learn a smart “trick”
by “pretending” to be nice (by bidding 55 in Week 4) to
induce the opponents’ use of a greedy nasty strategy
(bidding 54) in the next time period, Week 5. However,
in Week 5, our intelligent agent, Seller 1, bids 53 to take
full advantage of his opponent’s greediness.

5. Summary
We now briefly summarize findings of various
experiments conducted here. First, and most importantly,
we find that artificial agents are viable in automated
marketplace: they can find better strategies in a complex
dynamic environment where such an equilibrium does
not exist. Second, we find some preliminary conditions
for the emergence of trust: non-myopic bidding can lead
to cooperation. Strategies like Tit-for-Tat can induce
Sellers to cooperate. Third, we find that the climate has
an impact on agents’ behavior. Perhaps one of the most
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interesting findings here is that “friendly” climate does
not ensure cooperation. In fact, some agents tend to be
“nasty” when the majority of the group is “nice”. This in
turn, disrupts the cooperation behavior of the whole
community. Goodwill does not necessarily lead to
cooperation or trust. We believe these results open the
door of a novel approach on defining computational
principles of trust, and in the long term, we hope a
general theory on dis-equilibrium and trust would
emerge.
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