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Preface

Continuous Double Auction (CDA) is an efficient market institution for real-world
trading. Negotiation capabilities for software agents are a central concern. Espe-
cially, agents need to be able to prepare bids for and evaluate offers on behalf of
the users they represent, with the aim of obtaining the maximum benefit for their
users. They do this according to some bidding strategies. However, in many cases,
on the one hand, determining which strategy to employ is a complex decision-
making task because of the inherent uncertainty and dynamics of the auction
market; on the other hand, strategies described in the literature do not adapt very
well to dynamic markets. To this end, this book is concerned with developing novel
bidding strategies for CDAs and enhancing the performance of different strategies
in CDAs with respect to adaptivity by designing some tools for general use.

In this book, we focus on two types of CDAs. One is the CDA with a deadline
of an inactive interval. Another is the CDA with a fixed deadline. Three kinds of
adaptive behaviours are proposed to enhance the performance of the most widely
adopted strategies in CDAs in the literature. They are adaptive softness, adaptive
judgement of price acceptability, and adaptive time strategies. First, in the CDA
with a deadline of an inactive interval, we design novel adaptive strategies, named
Adaptive Attitude strategies, based on eagerness. Eagerness indicates the current
supply and demand relationship from the agent’s own point of view. To compute
the value of eagerness, fuzzy sets and fuzzy logic are used to cope with the sig-
nificant degrees of uncertainty in CDA markets. We define two kinds of adaptive
behaviours: adaptive softness and adaptive judgement of price acceptability. Both
of them resemble human traders’ behaviours to compromise and set thresholds on
acceptable prices in the trading process of real-life markets and can enhance the
performance of various strategies. Secondly, in CDAs with a fixed deadline, we
ourselves research the time strategies. In this market, every agent is aware of im-
portance of timing. Therefore adaptive time strategies are introduced to guide the
agent to arrange his behaviour according to time, which can enhance the perfor-
mance of different strategies. Both the novel strategies and the enhanced strategies
have been demonstrated to be superior in a wide range of CDA circumstances. We
show that eagerness is a practical solution for this class of application. We believe
that this work represents an important step towards adapting agents in auctions.

Through the work described in this book, Adaptive Attitude (AA) strategies
have been demonstrated to be superior in a wide range of CDA scenarios. More-
over, three kinds of adaptive behaviours have been shown to greatly enhance the
performance of the most widely adopted strategies in CDAs.



Chapter 1

Introduction

1.1 Agent-Based Auctions in Electronic Commerce

1.1.1 Auctions in Electronic Commerce

With the advent of global computer networks, in particular the Internet and the
World Wide Web, electronic commerce (e-commerce) has been taking an increas-
ingly important role in many organizations [50]. It provides a faster, cheaper, more
personalized, and more agile way for businesses to interact with their customers
and their suppliers. Auctions of various kinds are efficient mechanisms to allocate
resources in electronic commerce. In this context, online auctions, institutions
where goods are traded on the Internet by the process of bidding and allocating
through competition, are among the most widely studied and employed means of
interaction [5]. Such online auctions are prevalent because they are an efficient
and effective method of allocating goods or services [128], [103], [93].

Auctions come in many different forms, each with its own rules and ensuing
properties [99], [97], [114]. In English auctions [20], [65], the auctioneer starts with
a reservation price and solicits successively higher public bids from the bidders
until no one increases the bid, and the last bidder is the winner. First-price sealed
bid (FPSB) and second-price sealed bid (SPSB , also called Vickrey) auctions are
auctions in which bidders submit sealed bids to the auctioneer and the bidder who
submits the highest bid wins [65]. In FPSB, the winner pays the highest bid. In
SPSB, the bidder wins but pays the second highest bid [114]. In Dutch auctions ,
the auctioneer starts with a high price and decreases it until a bidder accepts the
current price. In continuous double auctions (CDA), buyers submit increasingly
higher bids and sellers submit increasingly lower asks at any moment during a
trading period and transactions occurs when the highest bid is at least as high as
the lowest ask [41], [29], [20], [36], [96].

On the basis of the classical auction types described above, variants have
been designed in recent years. For examples, a combinatorial auction [56], [57],
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[47], [118], [55], [129], [23] is a type of auction where bidders can submit bids to
buy a bundle of multiple goods. In sequential or simultaneous multiple auctions, a
bidder needs to monitor all the relevant auctions, decide which one to bid in, and
determine what to bid in order to get the goods at the best deal [91], [9], [110],
[32], [51], [38], [39], [40], [33], [132]. In multi-attribute auctions, multiple attributes
of the goods, such as delivery date, efficiency, volume, etc., are considered by
bidders, who aim at obtaining an overall rating for the bid from ratings of the
individual attributes of the bid [26], [44], [66]. Besides these variants of auctions,
most recently, online search engine advertising has become an appealing approach
to highly targeted advertising, and is the major source of revenue for modern web
search engines such as Google1 and Yahoo!2 [11]. The process of determining which
ads get assigned to which keywords and how much each advertiser pays is resolved
via keyword auctions. Advertisers choose which keywords they want to bid on and
participate in Generalized Second-Price auctions for those keywords [30].

Auction scenarios consist of two clearly distinct components: protocols and
strategies [7]. The former defines the valid behaviours of agents during interac-
tions. For example, in an English auction, an agent needs to bid at the current
price plus a bid increment. The latter is the method an agent employs to achieve
his negotiation objectives within the specified protocol. For example, in an En-
glish auction, a strategy that could be adopted is to bid a small amount more than
the current highest bid and to stop bidding when the agent’s reservation price is
reached. Generally speaking, the protocol is set by the marketplace owner before
execution, and is publicly known to all the participants. In contrast, the strategy
is determined by each individual participant and is typically private. Neverthe-
less, protocols and strategies are inextricably linked because the effectiveness of a
strategy is very much determined by the protocol. Thus a strategy that is effec-
tive for one protocol may perform very poorly or may even be invalid for other
protocols. Moreover, for some protocols, the optimal bidding strategy is easy to
determine and simple to compute. For example, the strategy proposed above for
an English auction is in fact optimal if all the agents have their private valuations
of the goods. However, generally there is no such simple solution and developing
a good strategy is a significant research challenge.

1.1.2 Agent-Based Auctions in Electronic Commerce

In order to harness the full potential of various types of auctions, it is important
to increase both the degree and the sophistication of the automation. To achieve
this, software agents are needed, which are representatives of human users to
fulfil their requirements and expectations and consequently need to be tailored to
achieve those humans’ aims [95]. A key aspect of such trading agents is that they
need to interact with one another in order to affect trades (i.e., to buy and sell
goods or services) [58].

1http://adwords.google.com/.
2http://www.yahoo.com/.
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In such environments, agents can perform a variety of different roles: (i)
monitoring auctions in order to keep the user informed of the latest progress of
various auctions, (ii) analyzing the market situation and history in order to predict
probable trends, (iii) deciding when, how many and how much to bid in order to
get the best deals.

The more these activities can be automated, the more time can be saved for
the user. Moreover, in complex settings agents are likely to be more effective than
human bidders. This is partly a matter of speed (agents can process information
more quickly than humans), but also because agents can more easily and more
systematically perform the complex decision making required to operate effectively
in multiple auction settings. Preliminary evidence for this [25] shows that software
agents outperform their human counterparts in continuous double auctions. Using
software agents can thus increase the chance of obtaining the goods and bringing
greater profit and satisfaction for the user [2], [26], [32], [91], [107]. When more
agents are used in the market, the market becomes more efficient [91]. Based on
these factors, automation of bidding becomes possible, in which agents carry out
trading, and hence human traders can save considerable time and effort [6].

1.1.3 Motivations of this Work

Automation of bidding is complex. Given the variety of auction protocols, it is
perhaps not surprising that the bidding strategies of the participants cover a sim-
ilarly broad spectrum of behaviours. In short, there is no optimal strategy that
can be used in all cases. To be effective, bidding strategies need to be tailored to
the type of the auction in which they are to be used. Perhaps the key challenge in
this area is to design effective and efficient strategies that agents can use to guide
their bidding behaviour. Although challenging, such developments are necessary if
trading agents are to realise their full potential. Furthermore, we believe that the
existence of effective strategies will mean that online auctions can be more read-
ily deployed as a practical market protocol. Given this background, the research
reported in this book addresses exactly this challenge for a complex and dynamic
e-commerce auction scenario, continuous double auctions.

If we take a look at human traders in real-life markets, the following situations
can be detected. When human traders buy or sell goods in the CDA market, they
will naturally develop some subjective feelings. In particular, when it is difficult
to trade goods, human traders will be eager for more transactions, on the totality
of which they hope to gain more profit. On the other hand, if they find it easy to
trade goods, they will be tempted to obtain more profit in each transaction so as
to earn more profit in the end. Eagerness is a natural feeling for human traders.
Besides the feeling of eagerness, human traders may make different degrees of
compromise in return for more transactions when encountering some difficulties
in trading; they may set thresholds on the price acceptable to them in the current
market and adjust the values of the thresholds with the dynamic market, both of
which will improve profit. The feeling of eagerness of human traders also inspires
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agents to develop eagerness with the market on the basis of the trading history of
the market, which tells the agent whether it is easy or difficult to trade. Guided by
eagerness, an agent is able to behave adaptively to make compromises or to judge
the price acceptability with the dynamic market. However, little work has been
done in bidding negotiation to simulate human traders’ feeling and behaviours in
real-life markets. With the aim of more adaptive and efficient strategies, we develop
new tools for general use to enable agents utilizing existing bidding strategies to
behave more adaptively to enhance their profit.

Another case that we notice in real-life markets is that many online auc-
tions have a fixed deadline before which the trading process must be terminated.
Therefore human traders in the auctions take a time effect into account when bid-
ding. When it is easy for human traders to make transactions, they will wait some
time before really getting involved in the trading process. Otherwise, they will
speed up their bidding process if possible before each bid submission. This kind
of behaviour will usually benefit human traders. Given this, time strategies are
proposed in agent-based continuous double auctions with a fixed deadline where
each round is terminated within a pre-specified deadline. Agents in this kind of
continuous double auctions are aware of the time, including the current time and
the deadlines. Nevertheless, the effect of time strategies in such types of continuous
double auctions has never been investigated. Hence, we seek to develop adaptive
time strategies to enhance existing strategies for this case.

1.2 Research Aims

In designing new bidding strategies to enhance existing bidding strategies for
CDAs, there are a number of common issues that need to be dealt with. In addi-
tion, we believe that it is possible to identify a range of concepts and technologies
that form a solid foundation for tackling such problems in a broad range of situa-
tions. We now consider each of these in turn.

First, an agent needs to be adaptive so that he can tailor his bidding strategy
according to latest state of the environment in which he is situated. Being adaptive
is particularly important in cases where the environment is subject to changes.
These can happen, for example, when the agent is trading with the same (or
similar) partners or opponents repeatedly. In such cases, the agent can adapt his
behaviours according to the behaviour of other agents so that he can obtain a
better payoff. However, when things changed, often due to the introduction of
new traders, the parameters which characterise the strategy need to be changed
accordingly. This is impractical to achieve by manually adjusting the parameters,
since this is a complex and error-prone process. So it is desirable that the agent
adapt himself autonomously.

Second, an agent needs to make some degree of compromise when generating
and responding to bids. For example, in a CDA, if a buyer agent is going to bid
$100, but the lowest ask in the market is $101, then the buyer agent may benefit
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by compromising and bidding 1% higher than he is going to bid in order to make
the trade.

Third, an agent needs to be flexible in setting and adjusting thresholds of
acceptable price according to the latest state of his environment. This procedure is
usually based on the agent’s ability to detect the market environment in real time
so that the values of thresholds can be adjusted in a meaningful way. In details,
if a seller has many transactions recently, he should set the thresholds high; if a
seller seldom makes transactions, should will set the thresholds low. When using
the same strategy, adjusting thresholds of acceptable price adaptively can make a
significant difference to the outcomes obtained.

Fourth, an agent needs to be able to manage his behaviours by time if there
is a fixed deadline to terminate each round of a CDA. With a fixed deadline, if a
human trader finds that he can easily trade all his goods, then he should not be
anxious and should be willing to wait for some time before beginning to trade in
each round.

Given these aims, we propose to use a range of techniques based on fuzzy
set theory to cope with the inherent uncertainty present in all of these activities.
This uncertainty can come from a number of sources including sellers, buyers,
the supply and demand relationship in the market, or the remaining time before
the deadline. For example, the number of traders and the decision strategy of the
other traders are generally unknown to an agent. Fuzzy set theory has proved
to be effective to handle uncertainties in a range of applications [34], [131], [53].
Moreover, the intuitive nature of fuzzy logic and its embodiment in fuzzy rules
make it readily comprehensible to agent designers.

This work is concerned with the design of bidding strategies for continuous
double auctions and techniques enhancing different bidding strategies for con-
tinuous double auctions. The first aspect of our work involves developing novel
strategies for buyer agents and seller agents in CDAs. Specifically, a buyer agent
needs to decide when to place a bid and at what price; a seller agent needs to
decide when to place an ask and at what price. The other major purpose of this
work is to explore the design and implementation of general tools to enhance the
performance of various strategies in CDAs that exist in the literature. To effect
such performance enhancement, an agent needs to: (i) adapt himself to suit the
prevailing market context, such as the change in the demand and supply in the
market and other bidders’ strategies; (ii) make compromises with his bids and asks
so that he can get more transactions when encountering difficulties in trading; (iii)
set price thresholds on the acceptable asks or bids; (iv) make good use of time
when trading in continuous double auctions with a fixed deadline.

1.3 Research Contributions

The work described in this book makes a number of contributions to the state of
the art in the area of bidding strategies that autonomous trading agents can use
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in a number of CDAs. Specifically,

• We develop a novel Adaptive Attitude (AA) bidding strategy that agents
can use to participate in CDAs [67] [73]. The effectiveness of the strategy is
demonstrated by empirically benchmarking it against the major strategies
that have been proposed in the literature. The evaluation shows that our AA
strategy is superior in a wide range of market situations.

• We propose to use soft asks and soft bids in agent-based CDAs [68]. An agent
changes his ask or bid to a soft ask or soft bid by adding a degree of softness
around the determined value. An adaptive mechanism is developed for agents
to vary the degree according to their perception of the marketplace in which
they are operating. This mechanism has been tested on the major strategies
for CDAs and empirically demonstrates its ability to remarkably enhance
their performance.

• We define and implement, for the first time, an adaptive judgement of price
acceptability that an agent can use to set thresholds for the asks or bids [70].
If the outstanding ask or the outstanding bid is very profitable, then the
agent can directly accept it. If the outstanding ask or the bid is very poor,
then the agent can decline it right away. Experimental results show that, after
integrating the adaptive judgement of price acceptability, an agent attains a
higher overall performance.

• We introduce for the first time adaptive time strategies for agents to utilize
in continuous double auctions with a fixed deadline [71]. If it is easy to trade
his goods, an agent should wait for some time before beginning the process.
Otherwise, the agent should try to expedite his bidding process. A special
market situation, illusory seller’s or buyer’s market, is defined. An illusory
seller’s market (buyer’s market) occurs when supply is larger (smaller) than
demand whilst the seller (buyer) finds it is easy to trade his goods. To cope
with an illusory seller’s or buyer’s market, circumstance-dependent negative
softness is proposed, which enables agents to increase profit without mak-
ing compromises. Experimental results show that an agent experienced with
integrating adaptive time strategies in a wide range of continuous double auc-
tions with a fixed deadline attains a better performance than a corresponding
agent without such experience.

1.4 Book Structure

The rest of this book is structured in the following manner:
Chapter 2 surveys agent-based continuous double auctions and bidding strate-

gies. For the former, we define agents in CDA scenarios and then give the basic
continuous double auction mechanism and its variants. For the latter, strategies of
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agents in CDAs as reported in the literature are introduced and discussed. Eval-
uation criteria of the strategies and methodologies to analyze them are presented
and investigated as well.

Chapter 3 concentrates on CDAs and new algorithms are designed for buyer
and seller agents. Eagerness is first defined based on short-term attitude and long-
term attitude in order to reflect the current supply and demand relationship from
the agent’s own point of view. Moreover, we show how an agent can, with the guid-
ance of eagerness, dynamically adjust his bidding behaviour to respond effectively
to changes in the marketplace . We then demonstrate, by empirical evaluations,
how our agents outperform other agents, employing six conventional strategies
previously developed for CDAs in the literature.

Chapter 4 defines soft asks and soft bids, and an adaptive mechanism is de-
signed that a software agent can use to adaptively adjust the degree of softness
with the dynamic CDA market. The notion of eagerness is extended from that
in Chapter 3. Fuzzy sets and fuzzy logic are employed to determine the value of
eagerness. The effectiveness of the adaptive mechanism is empirically illustrated,
i.e., when an agent (using any of five major bidding strategies previously devel-
oped for CDAs) incorporates the adaptive mechanism, his performance is generally
enhanced a lot in a wide range of CDA market scenarios.

Chapter 5 gives the definitions of the judgement of price acceptability for
seller agents and buyer agents. An adaptive mechanism is proposed and imple-
mented. A software agent can use the mechanism to adaptively adjust the thresh-
olds of price acceptability according to eagerness. Empirical evaluation demon-
strates that agents, employing the major bidding strategies for CDAs proposed
in the literature, can remarkably enhance their performance in general in a wide
range of market scenarios after integrating the adaptive mechanism.

Chapter 6 discusses strategies used in continuous double auctions with a
fixed deadline where each round of CDAs is ended within a fixed deadline. In such
CDA markets, agents are aware of both the current time and the deadline. Time
strategies are established and adaptive mechanisms are designed for the first time.
In particular, an illusory seller’s or buyer’s market is identified. Circumstance-
dependent negative softness is proposed to handle this special market situation.
We show, through empirical evaluation against a number of bidding strategies pro-
posed for CDAs in the literature, that agents employing the adaptive mechanism
perform effectively and robustly in a wide range of CDA scenarios.

Chapter 7 discusses the main characteristics of the CDA markets we focus
on in this book. A comparison between the agent-based CDA markets discussed in
this book and the CDA markets in real life is given. We then discuss the conditions
under which strategies and tools proposed in this book are applicable.

Chapter 8 concludes the book. We recap the main contributions of this book
and describe pathways for future work.



Chapter 2

Agent-Based CDAs and Bidding
Strategies

2.1 Agent-Based Continuous Double Auctions

The role of agents in auctions is to represent their users, who may be buyers or
sellers or the auctioneer, to achieve particular objectives [58], [54], [81], [83], [50].
Although there are many attributes concluded in the literature, some attributes
are essential for CDAs we discuss in this book. First of all, we define exactly what
we mean by the term “agent” in CDAs. An agent in CDAs is a software package
that can be viewed as a delegate of his1 user to achieve a good performance which
usually means a good profit. To this end, an agent must exhibit the following
properties:

• Autonomy: The agent is capable of making decisions about what actions to
take without constantly referring back to his user;

• Adaptivity: The agent is capable of adjusting himself to environmental con-
ditions based on trading history, etc.;

Except for these two properties as a must, an agent may possess one or more
of the following attributes conditioned on the specific environment where he is
situated [50], [81], [127]:

• Proactiveness: The agent is capable of taking the initiative rather than acting
simply in response to his environment;

• Reactivity: The agent is capable of responding appropriately to the prevailing
circumstances in dynamic environments;

1The reader will note that we now refer to the agent with words such as “his” rather than
“its” in order to emphasize the human-like functioning of the agent.
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• Prediction: The agent is capable of anticipating future trading trends and
guiding his behaviour towards it.

• Social ability: The agent is capable of interacting with other agents and
possibly with humans via some communication language;

• Ability to learn: The agent is capable of learning to understand the user’s
preferences and behaviour, to cope with new situations he may face and to
improve his performance over time;

• Mobility: The agent is capable of travelling through a network.

When we put such agents into CDA markets, we consider the following sce-
narios as examples of what will be possible in agent-based continuous double
auctions.

Scenario 1: From the perspective of a buyer. A buyer decides that he would
like to buy the book “Sense and Sensibility” in an online auction market. He can
see the current highest bid is $19.5 and the lowest ask is $33. He thinks that he
will not buy this book if the current bid is above $27 or the auction cannot stop
before Jane’s birthday, Feb. 28, because he wants to buy this book as a birthday
gift for her. It is rational that the buyer wants to save some money if possible.
Finally he computes a bid according to the days left and the competition level
in the auction combined with his eagerness to get this book. Therefore, when a
buyer agent determines his bid to be submitted, he needs to consider the time,
the supply and demand relationship, and his feeling.

Scenario 2: From the perspective of a seller. A seller wishes to sell his old
piano in an auction market for second-hand goods. According to his experience
on the price for such a piano, he sets his anticipated transaction price to be above
$2000. After a period of trading, to his surprise, many buyers come and bid for this
piano and there is little competition from other sellers. The current highest bid is
$2300. Encouraged by the increasing trend of bids, the seller decides to increase
his anticipated transaction price to be above $2500. At last, the seller trades his
piano successfully at the price $2550. The above scenario shows that a seller agent
takes into account the current supply and demand relationship and the trading
experience and adjusts his threshold on price with the changing market.

Both of the above scenarios demonstrate that an agent in CDAs needs to be
autonomous since humans will usually leave their agents in the market without
constantly checking status. The agent will form his understanding of the market
based on his trading experience. His individual understanding will cause him to
have some feelings toward the market, e.g., eagerness; and his feeling will fluctuate
with the market from time to time. This kind of feeling enables the agent to adjust
his behaviours with the dynamic market. As a consequence the agent is adaptive
because he will take actions considering the current market situation and his own
feeling toward the market, etc.
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2.2 Continuous Double Auction Mechanisms

2.2.1 Basic CDA Mechanisms

A CDA [36] is a marketplace where there are agents selling goods (sellers) and
agents buying goods (buyers). The sellers and buyers in one CDA market trade
single-type (homogeneous) goods. An ask is the price submitted by a seller to sell
a unit of goods. Similarly, a bid is the amount submitted by a buyer to buy a unit
of goods. Sellers and buyers can submit their asks and bids at any time during a
CDA. The current lowest ask in the market is called the outstanding ask , denoted
as oa. The current highest bid in the market is called the outstanding bid , denoted
as ob. A valid ask is an ask lower than the current oa. Hence oa is decreased by
sellers’ valid asks during a round. Any ask not lower than oa is called an invalid
ask and ignored by the market. A valid bid is a bid higher than the current ob.
Therefore ob is increased by buyers’ bids during a round. Any bid not higher than
ob is called an invalid bid and ignored by the market.

For each seller or buyer, there is an acceptable price range [Pll , Pul ] for a
CDA market. Pll is the lowest acceptable price in the market and Pul is the
highest acceptable price in the market, which are formed on the basis of the seller
or buyer’s experience and the trading history of the market. For a seller or buyer
agent, each unit of goods has a reservation price. If a seller submits an ask lower
than the reservation price, he will lose profit. If a buyer submits a bid higher than
the reservation price, he will also lose profit.

When ob is higher than or equal to oa, the seller who submits oa and the
buyer who submits ob make a transaction. The transaction price is equal to the
earlier one of ob and oa. When there is a transaction or there is no new ob or oa
in a pre-specified time, a round is terminated. After the current round terminates,
a new round can begin. In each round, at most one unit of goods is transacted.
When all the sellers have sold all the units of goods or all the buyers have bought
all the units of goods, a run is terminated. A run is often composed of multiple
rounds. The supply of a CDA is defined to be the total number of units of goods
that all the sellers need to sell in a run. The demand is defined to be the total
number of units of goods that all the buyers desire to buy in a run. For example,
the supply of a CDA market is 30 and the demand is 40. Thus there are 30 rounds
in a run of the CDA market. The pseudo code of the basic CDA mechanism is
shown in Figure 2.1.

2.2.2 Variants of Basic CDA Mechanisms

Some variants of CDAs have been proposed by many researchers. Preist et al. [90]
describes a new agent-based market mechanism for online commodity trading,
called iterated double auction, where agents first enter the mock marketplace to
determine the equilibrium price; after the equilibrium price is found, all trades
actually take place at this price.
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1: Pul and Pll are formed on the market trading history;
2: r = 0;
3: while r ≤ min(supply, demand) do
4: oa = Pul ; ob = Pll ;
5: while true do
6: nondetermistic choice
7: case a buyer submits a bid:
8: if bid ≤ ob or out of [Pll , Pul ] then
9: bid is an invalid bid;

10: else
11: bid updates ob and becomes a new ob;
12: end if
13: if ob ≥ oa then
14: Pt = oa; The round is ended;
15: end if
16: case a seller submits an ask:
17: if ask ≥ oa or out of [Pll , Pul ] then
18: ask is an invalid ask;
19: else
20: ask updates oa and becomes a new oa;
21: end if
22: if ob ≥ oa then
23: Pt = ob; The round is ended;
24: end if
25: case time out:
26: if no new oa or ob in a pre-specified time period then
27: The round is ended with no transaction;
28: end if
29: end nondetermistic choice;
30: end while
31: r = r + 1;
32: end while

Figure 2.1: The pseudo code of the basic CDA mechanism.
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Another form of continuous double auction is persistent shout double auction
[102] which is a well established mechanism used in the international financial
markets. In this market, a trader may make a bid or ask at any time, but once
made it persists until the trader chooses to alter it or remove it, or it is accepted.
Preist and Tol [92] consider the persistent shout double auction as a more realistic
form of double auction market.

Ma and Leung [71] have done research into time strategies in continuous
double auction where each round is terminated by a pre-specified fixed deadline,
called CDAs with a fixed deadline. This CDA mechanism is different from the CDA
in Section 2.2.1 in the following aspects. The maximum time length to terminate
each round is specified in advance and is called a fixed deadline. At any time within
the fixed deadline, a seller is free to accept the highest bid and a buyer is free to
accept the lowest ask of sellers. If there is a transaction, or the pre-specified fixed
deadline is reached, a round is terminated.

Accompanied by the increasing use of the Internet and agents, online auctions
are widely accepted and changing traditional viewpoints on auctions. As a result,
some issues are shown to be more and more important especially for online auction
markets, such as security [120], [112], [60], [121], [35], [104], [46], [82], [122], [13],
and trust [37], [75], [111], [80], [61], [8], [12], [98], [125], [126], etc. We know that
security and trust issues also exist in continuous double auctions. However, security
and trust are not our focus in this book. Therefore, we assume that there is no
security or trust problems for our work in this book.

2.3 Bidding Strategies for Agents in CDAs

In this section, we present a framework for designing strategies adopted by trading
agents in continuous double auctions, shown in Figure 2.2. This framework is
specific in that only bidding strategies of CDAs can be included into it. For a
more general framework targeting on various types of auctions, please refer to
[117]. Here, our framework is based upon three main observations:

• An agent collects information from his environment and requires information
about himself.

• An agent rarely has full information about other agents and the market.

• An agent needs to employ more or less heuristics in his strategy to handle
incomplete information and the dynamic market environment.

The framework shown in Figure 2.2 gives the common structure of the strate-
gies adopted by software agents in CDAs. The input for the strategy is information,
such as public information and private information. The output for the strategy is
the ask or bid to be submitted. Based on the framework, several bidding strategies
are described in detail by emphasizing their specific structure with pseudo code.
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Figure 2.2: The framework for designing various strategies to compute asks or bids
in CDAs.
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2.3.1 Zero Intelligence Bidding Strategy

Gode and Sunder [42] were the first to design Zero Intelligence (ZI) agents. Each
ZI agent generates random asks or bids depending on whether he is a seller or a
buyer. These asks or bids are distributed independently and uniformly over the
entire range of trading prices. The agent does not seek to maximize his profit, and
does not observe, remember, or learn. There are two versions of ZI agents, ZI with
Constraint (ZI-C) agents and ZI Unconstrained (ZI-U) agents.

A ZI-C agent is a ZI agent who is subject to the budget constraint which
forbids the agent to buy or sell at a loss. Thus a ZI-C seller submits an ask which
is a random value, less than the highest acceptable price of the market and more
than the reservation price of this unit by Equation 2.1.

ask = rand(x, Pul ), (2.1)

where x is the reservation price of the unit and Pul is the highest acceptable price
of the market.

Similarly, a ZI-C buyer submits a bid which is a random value, more than the
lowest acceptable price of the market and less than the reservation price of this
unit of goods. The computation is shown in Equation 2.2. ZI-C agents are widely
adopted as benchmark agents because of their simplicity during implementation.

bid = rand(Pll , x), (2.2)

where x is the reservation price of the unit and Pll is the lowest acceptable price
of the market.

For a ZI-U agent, he is freed from the budget constraint. A ZI-U seller or
buyer can submit an ask or a bid which is a random value computed by Equation
2.3, less than the highest acceptable price of the market and more than the lowest
acceptable price of the market without regard to the agent’s reservation prices.
Buyers and sellers are free to engage in money-losing transactions.

ask/bid = rand(Pll , Pul ). (2.3)

2.3.2 ZIP Bidding Strategy

The zero-intelligence-plus (ZIP) strategy was developed by Cliff and Bruten [22],
[17], [21]. Each ZIP agent has a profit margin which determines the difference
between the agent’s reservation price and the ask or bid to be submitted. If there
was a transaction in the last round and the agent was the winner, the agent would
increase his profit margin in the current round. If there was a transaction in the
last round and the agent was not the winner, or there was no transaction, the
agent would decrease his profit margin in the current round. This procedure helps
the agent adapt to the dynamic market from time to time and benefits the agent
in the end. The central idea of how to adjust the profit margin is shown in Figures
2.3 and 2.4 for sellers and buyers.
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1: if the last shout was accepted at price q then
2: any seller for which pi ≤ q should raise his profit margin;
3: if the last shout was a bid then
4: any active seller for which pi ≥ q should lower his margin;
5: end if
6: else
7: if the last shout was an ask then
8: any active seller for which pi ≥ q should lower his margin;
9: end if

10: end if

Figure 2.3: The pseudo code of the algorithm for the ZIP sellers.

1: if the last shout was accepted at price q then
2: any buyer for which pi ≥ q should raise his profit margin;
3: if the last shout was an ask then
4: any active buyer for which pi ≤ q should lower his margin;
5: end if
6: else
7: if the last shout was a bid then
8: any active buyer for which pi ≤ q should lower his margin;
9: end if

10: end if

Figure 2.4: The pseudo code of the algorithm for the ZIP buyers.
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The adaptation mechanism to specify how the profit margins of the sellers
and buyers are raised or lowered is given below. At a given time t, an individual
ZIP seller or buyer calculates the shout price pi(t) for a unit j with the reservation
price λi,j using the profit margin μi(t) according to the following equation:

pi(t) = λi,j(1 + μi(t)).

It is necessary to give an update rule for the profit margin μi on the transition
from time t to t + 1 so that pi(t) is updated from time t to t + 1 accordingly:

μi(t + 1) = (pi(t) + Δi(t)) ÷ λi,j − 1.

Using Γi(t) in place of Δi(t) gives the following update rule:

μi(t + 1) = (pi(t) + Γi(t)) ÷ λi,j − 1,

where Γi(t+1) = γiΓi(t)+(1−γi)Δi(t), Δi(t) = βi(τi(t)−pi(t)), τi(t) = Ri(t)q(t)+
Ai(t), and Ri(t) and Ai(t) are random reals and q(t) is the last shout. When the
intention is to increase the agent’s shout price Ri(t) > 1.0 and Ai(t) > 0.0; when
the intention is to decrease it, 0.0 < Ri(t) < 1.0 and Ai(t) < 0.0. Every time the
profit margin is altered, the traget price is calculated using the newly generated
random values of Ri(t) and Ai(t).

2.3.3 CP Bidding Strategy

Preist and Tol [92] presented a strategy which is based on ZIP strategy. We call
it CP strategy in this book. The heuristics is simpler than that of ZIP. The main
idea of CP strategy is straightforward. If there is no transaction in the current
round, an agent should try to be competitive by means of submitting a value
slightly better than his rivals. If, on the other hand, there was a transaction in
the last round, an agent should submit a value at which he may obtain a trade in
the current round. The value is set to be slightly better than the outstanding ask
or bid in the last round. This procedure allows the agent to squeeze a little more
profit from the market. The pseudo code of the algorithm is shown in Figures 2.5
and 2.6.

By running the algorithms in Figures 2.5 and 2.6, target value can be deter-
mined. Given the target value, the agent does not jump straight to that value, but
moves towards it at a rate determined by the learning rule. The learning rule used
is Widrow-Hoff with momentum. With p(t) and τ(t), the valuation and target
price at time t , the learning rule determines the new valuation, p(t+1), as follows:

p(t + 1) = γp(t) + (1 − γ)β(τ(t) − p(t)),

where p(t + 1) is the ask or the bid to be submitted to the market.
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1: if oa > ob then
2: ℘ = r1 × oa + r2;
3: target = oa − ℘;
4: end if
5: if oa ≤ ob then
6: ℘ = r1 × ob + r2;
7: target = ob + ℘;
8: end if

Figure 2.5: The pseudo code of the algorithm for the CP sellers.

1: if oa > ob then
2: ℘ = r1 × ob + r2;
3: target = ob + ℘;
4: end if
5: if oa ≤ ob then
6: ℘ = r1 × oa + r2;
7: target = oa − ℘;
8: end if

Figure 2.6: The pseudo code of the algorithm for the CP buyers.

2.3.4 GD Bidding Strategy

Gjerstad and Dickhaut [41] proposed a more sophisticated strategy, called GD
strategy in this book. A GD agent records all the asks (bids) in the history occur-
ring in the last several rounds. From the history, an agent computes a subjective
belief of a bid or ask being accepted. The agent can then calculate the expected
utility of the bid or ask with the following equation:

E(x, a) =
{

p(a)(a − x) if he is a seller
q(a)(x − a) if he is a buyer ,

where x is the reservation price of the unit of the goods, a is the ask or the bid,
p(a)/q(a) is the subjective belief of the seller/buyer.

The bid or ask corresponding to the highest expected utility is submitted
to the market. By utilizing the subjective belief, the agent is sensitive to the
fluctuation of the dynamic market all the time.

For each seller’s potential ask a, Gjerstad and Dickhaut define p(a) as the
seller’s subjective belief that an ask will be accepted by some buyer:

p(a) =

∑
d≥a TA(d) +

∑
d≥a B(d)∑

d≥a TA(d) +
∑

d≥a B(d) +
∑

d≤a RA(d)
. (2.4)
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Let TAG(a)=
∑

d≥a TA(d), BG(a)=
∑

d≥a B(d), and RAL(a)=
∑

d≤a RA(d).
These are the taken asks greater than or equal to a, the bids greater than or equal
to a, and the rejected asks less than or equal to a, respectively. Then Equation 2.4
can be rewritten as:

p(a) =
TAG(a) + BG(a)

TAG(a) + BG(a) + RAL(a)
.

For each buyer’s potential bid b, Gjerstad and Dickhaut define q(b) as the
buyer’s subjective belief about which bid will be acceptable to some seller:

q(b) =

∑
d≤b TB(d) +

∑
d≤b A(d)∑

d≤b TB(d) +
∑

d≤b A(d) +
∑

d≥b RB(d)
.

Let TBL(b)=
∑

d≤b TB(d), AL(b)=
∑

d≤b A(d), and RBG(b)=
∑

d≥b RB(d).
These are the taken bids less than or equal to b, the asks less than or equal to b,
and the rejected bids greater than or equal to b. Then

q(b) =
TBL(b) + AL(b)

TBL(b) + AL(b) + RBG(b)
.

The belief functions are defined on the set of all asks and bids within the
trader’s memory. These beliefs can be extended to the positive reals using cubic
spline interpolation [41].

Tesauro and Das [108] proposed some improvements to the GD algorithm.
A principal limitation is that they assume that the demand and supply do not
fluctuate over time. Their assumption is not valid in practical CDA markets, where
supply and demand constantly change due to the changing economic condition.

Tesauro and Bredin [107] developed a sequential bidding strategy on the
basis of dynamic programming in CDAs. They use the belief function together
with a forecast of the changes of the beliefs over time. However, the belief function
resembles that of GD strategy except for slight modifications.

2.3.5 A-FL Bidding Strategy

He, Leung, and Jennings [53] proposed the FL strategy, which first introduces fuzzy
sets and fuzzy reasoning into the heuristic rules for agents. A fuzzy logic-based
approach can cope with uncertainties in a timely manner. An FL seller or buyer
calculates an ask or a bid by considering the relationship among the outstanding
bid, the outstanding ask, and the reference price PR. The FL-strategy is based on
a number of heuristic rules and the fuzzy reasoning mechanism. If the relation of
PR, oa, and ob during a round in a CDA falls into one of the cases, the ask or bid
is calculated in different ways, shown in Figures 2.7 and 2.8.

A-FL strategy [53] is an adaptive version of the FL strategy. If a seller agent
or a buyer agent waits too long to conduct a deal, it means that he should be
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1: if PR ≤ ob < oa then
2: if (ob is much bigger than PR) then
3: accept ob;
4: else
5: ask is (oa − βs,1, θ, χ);
6: end if
7: end if
8: if ob < oa ≤ PR then
9: if (oa is much smaller than PR) then

10: no new ask;
11: else
12: ask is (oa − βs,2, θ, χ);
13: end if
14: end if
15: if ob ≤ PR ≤ oa then
16: if (ob is far from or medium to PR) and (oa is far from PR) then
17: ask is (oa − λs,1, θ, χ);
18: end if
19: if (ob is far from or medium to PR) and (oa is medium to PR) then
20: ask is (oa − λs,2, θ, χ);
21: end if
22: if (ob is far from or medium to PR) and (oa is close to PR) then
23: ask is (oa − λs,3, θ, χ);
24: end if
25: if (ob is close to PR) then
26: ask is (PR + λs,4, θ, χ);
27: end if
28: end if

Figure 2.7: The pseudo code of the algorithm for the A-FL sellers.
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1: if ob < oa ≤ PR then
2: if (oa is much smaller than PR) then
3: accept oa;
4: else
5: bid is (ob + βb,1, θ, χ);
6: end if
7: end if
8: if PR ≤ ob < oa then
9: if (ob is much bigger than PR) then

10: no new bid;
11: else
12: bid is (ob + βb,2, θ, χ);
13: end if
14: end if
15: if ob ≤ PR ≤ oa then
16: if (oa is far from or medium to PR) and (ob is far from PR) then
17: bid is (ob + λb,1, θ, χ);
18: end if
19: if (oa is far from or medium to PR) and (ob is medium to PR) then
20: bid is (ob + λb,2, θ, χ);
21: end if
22: if (oa is far from or medium to PR) and (ob is close to PR) then
23: bid is (ob + λb,3, θ, χ);
24: end if
25: if (oa is close to PR) then
26: bid is (PR − λb,4, θ, χ);
27: end if
28: end if

Figure 2.8: The pseudo code of the algorithm for the A-FL buyers.
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1: if agent i waits long to transact then
2: Ai

attitude = Ai
attitude − r℘;

3: end if
4: if agent i transacts frequently then
5: Ai

attitude = Ai
attitude + r℘;

6: end if

Figure 2.9: The learning rules for A-FL agents.

more risk averse in the next round if he is going to make more transactions. On
the contrary, if a seller agent or a buyer agent can transact very frequently, it is
a sign that his bids/asks are too high/low. Thus, during the next round of the
CDA, the agent should change his attitude in the direction of risk-seeking, hoping
he can still make a transaction while increasing his profit. This kind of hill-climbing
behaviour is the learning rule of the A-FL agent, shown in Figure 2.9. Through
updating the risk attitude of the agent, the value of β and λ in Figures 2.7 and
2.8 will be adjusted step by step, and consequently the value of the ask or bid to
be submitted. This adaptivity helps the agent earn more profit from the market.

2.3.6 Other Bidding Strategies

P-strategy [86] was designed by Park et al. P-strategy is developed based on
stochastic modeling for a CDA. The idea of the P-strategy is to model the auction
process with a Markov Chain (MC). However, it is hard to acquire the probability
values for the MC model, such as the transition probabilities and the probabilities
of success and failure for trading actions. In addition, the computation involved
in this approach is huge.

A risk-based strategy is proposed by Vytelingum et al. [116]. The strategy
involves an agent’s forming a bid or ask by assessing the degree of risk involved and
making a prediction about the competitive equilibrium that is likely to be reached
in the marketplace. The agents adapt their risk attitude (risk-averse, risk-neutral,
and risk-seeking) based on their past experience. The moving average method is
adopted to estimate the competitive equilibrium price according to the history
of transactions. However, the moving average method is only sensitive to price
changes over a short time frame, not over a long time span.

Li and Smith [63] presented an agent-based framework of B2B exchanges in
the context of continuous double auctions. In multiple periods of continuous double
auctions, the demand or supply changes from period to period, which causes price
fluctuation. It is price fluctuation that motivates users to accumulate inventory.
Hence, speculation inventory is introduced which enables a buyer to purchase more
products than current needs to cut future purchase costs, while a seller may keep
extra products on hand and in expectation of selling at a higher price in the future.
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2.3.7 Discussion

Although all the bidding strategies obey the basic protocol of CDAs, many dif-
ferences exist in each specific rule and factor considered in the strategies. The
following factors are usually considered by one or more of these bidding strategies.

• A history of transaction prices: For an agent, if he has been involved in the
trading for several consecutive rounds, he can save all the transaction prices
into an array for his future use. This array is a history of transaction prices.

• The outstanding ask and the outstanding bid: In one CDA market, the cur-
rent lowest ask is called the outstanding ask while the current highest bid is
called the outstanding bid.

• Reservation prices: There is a reservation price for each unit of goods per
agent. For a seller, if the ask he submitted is lower than the reservation price
of the unit of goods, he will lose money. Similarly, for a buyer, if the bid he
submitted is higher than the reservation price, he will lose money as well.

• Reference price: The reference price was introduced by He et al. [53]. It refers
to the median in a series of transaction prices of several consecutive rounds.

• The transaction price of the last round: If there was a transaction in the
last round, then the agent can record the transaction price as a guide to the
possible transaction price in the current market.

• The combination of sellers or buyers: In one CDA market, there are multiple
buyers and multiple sellers. Each buyer or seller may adopt different bidding
strategies. Therefore, the combination of sellers or buyers means the distri-
bution of how many sellers/buyers use strategy A, how many use strategy
B, or C, etc. In real-life markets, the combination of sellers or buyers is not
publicly known.

• The risk attitude of an agent: Risk attitude is a spectrum of various attitudes
towards risk from most risk-seeking to most risk-averse [53], [64], [116]. For
a risk-seeking agent, he prefers the risk of not achieving a successful transac-
tion to a guaranteed success. For a risk-averse agent, he prefers the opposite
choice. If not risk-seeking or risk-averse, it is risk-neutral.

• The forecast of future market situations: It mainly refers to the anticipation
of future transaction prices, future supply and demand relationships, etc.

Nevertheless we find that some factors, such as softness of asks or bids, judge-
ment of price acceptability, and time strategies, are seldom taken into consideration
by the above strategies in the literature. As we shall demonstrate in this book,
these factors can greatly enhance the performance of the strategies. Therefore
these three factors should be under consideration and we introduce them one by
one in the following:
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• Softness of soft asks or bids: Normally, an agent will compute an ask or a
bid which is a determined value. However, for a soft ask or bid, there are a
determined value and a range with which the agent can make compromise.
This range is the softness of soft asks or bids.

• Judgement of price acceptability: For an agent who has the ability to judge
the acceptable price, he will set some thresholds to asks or bids in the market.
For instance, as a seller agent, if the current ob is higher than one threshold,
it means the ob is profitable enough and he will accept the bid immediately.
For a seller, the value of this threshold decreases with difficulty in trading.

• Time strategies: When the CDA market employs a fixed deadline to terminate
each round, time strategies are introduced for agents in the market to arrange
his behaviour according to time.

2.4 Evaluation Criteria of Bidding Strategies

The main criterion to evaluate the performance of a bidding strategy is profit or
utility. The higher the profit or utility, the better the performance. Among all
types of auctions, there are dominant strategies for some auctions and for others
there are not. For some auctions with dominant strategies, it is feasible to analyze
the performance of an agent using a game theoretical approach. For example,
in SPSB auctions, the dominant strategy is to submit the true reservation price
[114], [78], [97], [14]. In English auctions, the agent’s dominant strategy is to bid
a small amount more than the current highest bid while the bid does not exceed
the agent’s reservation price [62], [76], [97], [45]. For SPSB and English auctions,
the one whose true reservation price is the highest will win the auction. His profit
is or almost equals the difference between the highest and the second highest
reservation prices.

However, for those auctions where there are no dominant strategies, it is
hard to analyze the performance. For example, in Dutch auctions, FPSB auctions,
and continuous double auctions, there is no dominant bidding strategy [74] [77]
[97]. Therefore a theoretical approach cannot work to analyze the performance of
agents.

To evaluate the performance of an agent in these auctions in a meaningful
way, specific laboratorial market environments should be designed, which simulate
markets in real life. Normally, two kinds of trading environments need to be con-
sidered. The simple and conventional kind is static market environment, in which
the same traders are required to join every round and not allowed to leave the
market freely. The more complex kind is a dynamic market environment. Traders
in this dynamic market are allowed to join or leave the market at any moment,
which causes the combination of sellers and/or buyers to be changed and the sup-
ply and demand relationship to fluctuate accordingly. If an agent demonstrates a
good performance in both kinds of laboratorial markets, the overall performance
of the agent is demonstrated to be good.
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2.5 Approaches for Analyzing Bidding Strategies

There are mainly four kinds of approaches to analyzing the performance of agents
using various biding strategies, i.e., experimental approaches, game theoretic ap-
proaches, empirical game theoretic approaches, and evolutionary approaches,
which are discussed in turn below.

2.5.1 Experimental Approaches

An experimental approach is a main method utilized to analyze the performance
of a bidding strategy in continuous double auctions. There are two parts to pay
attention to: the experimental setup and the market environments simulated. From
previous work in the literature [101], [42], [41], [92], [22], [53], [116], [63], we know
these two parts are key issues when designing experiments.

In the experimental setup, designers should consider the following aspects and
specify clearly: the number of sellers/buyers in the market, the bidding strategies
for each agent to use, the distribution of reservation prices for each agent, the
clearing policy of the market, the evaluation criteria of agents’ performance, the
duration time for each round, privacy of information, and so on.

To design a laboratorial market environment for agents to trade in, designers
may focus on the following perspectives: the number of rounds of transactions
that should be conducted, employing static markets and/or dynamic markets,
using sequential or simultaneous auctions, the reset of the experimental setup at
the beginning of each round, etc. After determining these perspectives, a specific
experimental market environment can be built and the performance of agents can
be evaluated in the laboratorial market.

The advantages of experimental approaches are that experimental approaches
are quick to make a start; there is little limitation of the strategies agents adopt;
there are also few limitations on the market environment and auction protocols; it
is easy to simulate dynamic markets; the profit of agents can be calculated without
effort. Given these advantages, experimental approaches are especially suitable to
analyze many types of auctions where there is no dominant strategy. Therefore,
this approach is widely adopted in the research area of continuous double auctions.

Certainly, there are some disadvantages of experimental approaches as well.
The most obvious one is that one can never carry out all types of experiments to
simulate all different market environments, especially when there are large num-
bers of possible strategies, or a large population of agents. Therefore, when one
chooses this approach, one should pay attention to the following aspects. First, one
needs to select the representative experimental environments. Second, one needs
to select the representative parameters in such environments. Third, one needs
to determine which parameters are to be varied in which market environments.
Finally the trend of the target parameters in different market environments can
be detected if one’s aim is to explore the general rules for these parameters. Or
the performance of various strategies can be compared thoroughly if one’s aim is
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to draw a conclusion on which strategy performs best in which environment. This
whole procedure will help the experimental results to be more meaningful.

2.5.2 Game Theoretic Analysis Approaches

Game theory is a source of stability criteria often employed in multi-agent systems
(MAS) research. Game theory provides a rigorous mathematical framework for
formalizing interactions among rational agents. Game theory pays attention to
equilibria in systems or equilibrium from the perspective of whole systems, rather
than emphasizing the target agent’s utility or profit.

However, in our work, our focus is on enhancing the profit of the target
agent and we do not care about enhancing the profit of the other agents or the
equilibrium of the system. If our target agent can grab more profit from other
agents in the market, it will demonstrate the usefulness of our proposed tools or
strategies. Therefore, to analyze the equilibria in or equilibrium of systems is not
our interest in this book.

2.5.3 Empirical Game Theoretic Analysis Approaches

Over the past few years, Wellman et al. [123] have been developing an experimental
methodology for explicit game-theoretic treatment of MAS simulation studies,
which is referred to as empirical game-theoretic analysis.

An empirical game-theoretic analysis of agent strategies is composed of the
following steps:

1. Approximate the original trading market in the form of a game by several
agents as players of the game.

2. Run many simulations covering all distinct strategy profiles for each agent.

3. Process the simulation data by checking game validity and adjusting for
stochastic demand variability.

4. Analyze the resulting empirical game by searching for equilibria and approx-
imate equilibria.

Finally pure strategy equilibria, mixed strategy equilibria, symmetric equi-
librium, Nash equilibrium, or approximate equilibrium can be analyzed. These
results help researchers understand more of complex multi-agent systems. 2

However, several disadvantages show up. The data set of game instances is
very large. Therefore, if there are many agents trading in the auction market, then
it is almost impossible to carry out each profile of strategies. Accordingly, if not
all possible profiles or not all market environments are tested, some equilibria may

2Wellman et al. also point out in their paper [123] that currently their work only focuses on
several agents with a small number of strategies. Further development and other techniques need
to be researched for this newly proposed approach to be practical.
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not be found. Moreover, this approach aims to detect the existence of equilibrium
or equilibria of the whole system, which we repeat is not our interest in this book.

2.5.4 Evolutionary Approaches

Perhaps the most popular approach to determining a relevant population of agent
strategies is an appeal to evolutionary methods. The evolutionary approach was
pioneered in computational agent research by Axelrod [3], and has become a stan-
dard method among researchers in agent-based computational economics. Tech-
niques for strategy generation are typically based on genetic algorithms or genetic
programming [79], [16], [19], [18].

The disadvantage of evolutionary approaches is that training data and train-
ing processes are necessary and crucial for the later practical auction markets.
In our work for this book, laboratorial markets are designed to simulate real-life
markets where there is no such training period for any agent. All the agents are
put into the experiments and are allowed to compete with each other. In this way,
the laboratorial market is fair for all agents and simulates more of the market in
real life.

2.5.5 Approaches Adopted in this Book

The laboratorial auction market considered in this book has several features. First,
the market has a limited number of agents trading simultaneously in the market.
Therefore, individual behaviour will affect market performance. Second, some in-
formation is public while some is private. For example, the values of oa and ob are
publicly known; the values of reservation prices for each unit of goods of different
agents are private information. Third, different agents use different bidding strate-
gies and there are no dominant strategy. Fourth, the market is dynamic since the
supply and demand relationship is changing and the combination of agents is also
changing. Fifth, the laboratorial market has no training period or mock trading pe-
riod (this resembles more of real-life markets). Finally, the aim of the experiments
is to evaluate the performance of the target agent by computing profit.

Given these features and the aim, the game theoretic approach and the em-
pirical game theoretic approach are not suitable in that our interest is in analyzing
the performance of target agent instead of all the agents in the system; neverthe-
less they are interested in analyzing the equilibrium of the whole system including
all the agents. The evolutionary approach cannot be adopted by reason of the
training period it requires. The training period is not available in our laboratorial
market which aims to resemble real-life markets.

We choose experimental approaches because this approach gives a way to
directly compare various bidding strategies in dynamic and practical environments.
The effects of various strategy design components can be observed through a series
of markets with different parameter values. It also enables us to simulate the
trading environment of real-life markets.
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The design of bidding strategies often includes many components that are
not easily captured by an game theoretic analysis. Instead, they are inspired by
and based on experience and domain knowledge provided by human traders; hence
they provide a more appropriate basis for automation and can be used in a wider
variety of application domains. Such design components of bidding strategies are
not based on formal theories and it is difficult to analyze them formally. The
experimental approaches can delve deeper into evaluating the overall performance
of different bidding strategies and have become the de facto standard approaches
for evaluation of bidding strategies in the research community of intelligent agents.

One example of such design components is the introduction of softness of
asks or bids, that provides a range for an agent to make compromise. We show,
in Chapter 4, that if the current market favors the agent, he can trade all his
goods and should not make compromises; if the market is against the agent, he
cannot have many transactions and should make compromises in return for more
transactions. Therefore, the pre-requisite to efficiently employ softness of asks or
bids is that the agent has to know the market situation, i.e., whether it is easy or
difficult for him to trade. Agents employing the proposed AA strategy sense the
environment and are able to perceive signals to determine the market situation and
make appropriate decisions. It is obvious that it is difficult to formally analyze such
design components, but their effectiveness can be clearly shown by experiments
simulating different market conditions.

Another example is the use of the long-term and short-term eagerness in de-
cision making. If we take a look at human traders in the market, we can observe
that human traders often have some kind of subjective feelings along with the
trading process in a short period and a long period as well. For example, human
traders will feel eager for more profit when they find that they have lots of trans-
actions. Otherwise they may feel eager for more transactions if they have very few
transactions. This feeling, called eagerness in this book, reflects the market supply
and demand relationship from the human trader’s own point of view and suitable
for acting as the signal for the traders on whether it is easy or difficult for them to
trade. Guided by the signal, agents can explore the market situation from time to
time and adapt softness of asks or bids, judgement of price acceptability, and time
strategies with the dynamic market. When the market environment or the bidding
strategy can hardly be formally modeled, experiments can still be designed and
bidding strategies can be implemented and evaluated.

The disadvantage of this approach is that one can never carry out all types of
experiments to simulate all types of market environments, especially when there
are a large numbers of possible strategies or variants. Even when it is feasible to
carry out a large number of experiments, the analyst must be careful to interpret
the experimental results and point out the limitation brought by the various pa-
rameters and assumptions in order to draw conclusions about proposed strategies.
Therefore the obtained conclusions cannot be guaranteed to be generally applica-
ble for different or untried market environments.



Chapter 3

The Adaptive Attitude Bidding
Strategy

In this chapter, we develop a novel Adaptive Attitude (AA) bidding strategy that
agents can use to participate in CDAs. The AA strategy exploits both the short-
term and long-term attitudes of an agent, and utilizes a threshold-based method
with heuristic rules (called the α-ω method) in bid determination. Eagerness is
defined for the first time. The effectiveness of the strategy is demonstrated by
empirically benchmarking it against the main strategies that have been proposed
in the literature and this evaluation shows that the AA strategy is superior in a
wide range of market situations.

The remainder of this chapter is organized as follows. Section 3.1 introduces
eagerness and proposes an eagerness function to compute the value of eagerness.
Section 3.2 presents the AA strategy. In Section 3.3, the performance of agents
employing AA strategy is evaluated in experiments. Section 3.4 concludes this
chapter.

Part of the material presented in this chapter has been published in [73], [67].

3.1 Eagerness

3.1.1 Eagerness in Agent Interactions

The core of the adaptive attitude is eagerness which has been defined indepen-
dently by several pieces of work. Sim defines eagerness as a measure of an agent’s
interest in negotiating and coming to a deal [100]. It models the intensity of the
need to acquire the goods under negotiation. The level of interest may be catego-
rized as: must deal, desirable, nice to have, optional, unessential, and absolutely
unessential. The value of eagerness is always specified by human negotiators before
the experiments begin. During each experiment, the value is constant.
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Dumas et al. [27], [28] propose an eagerness factor which represents the min-
imum probability of obtaining the goods by the deadline. The eagerness factor is a
measure of an agent’s risk attitude. A low eagerness value means that the agent is
willing to take the risk of not getting the unit of goods by the deadline, if this can
allow the agent to find a better price. An eagerness value close to 1 means that the
agent wants to get the unit of goods by the deadline at any price if the reservation
price permits. However, the value of eagerness is also fixed and unfluctuating with
the market situation.

Later, several pieces of work mention a similar idea about eagerness.
Vytelingum et al. [115] define the aggressiveness of the bidding behaviour as how
eager an agent is to transact. They consider three types of bidding behaviour:
neutral, passive, and aggressive. Their aim is to explore what type of behaviour
should be adopted given the particular population distribution of types. Never-
theless, such population distribution is rarely known in a dynamic market.

Goyal et al. [44] propose that in a dynamic multi-agent world, the behaviour
of an agent is based on appropriate commitment of the agent to all unexpected
situations in the world. The agent needs to know how weak or strong the com-
mitment is if he is committed to executing his action. The agent thus needs to
know the degree of his commitment towards the action. This degree of commit-
ment quantifies the agent’s attitude towards the action execution. The attitude,
once adopted, must persist for a reasonable period of time so that other agents
can use it to predict the behaviour of the agent under consideration, which is not
applicable for the dynamic CDA market.

The eagerness defined in this book is not a constant during the experiments.
Instead, the value changes with the dynamic market environment and is affected by
the realtime supply and demand relationship from the agent’s own point of view,
which makes it a meaningful indicator for the agent’s attitude in the market.

3.1.2 Eagerness Function for Agents in CDAs

Eagerness should be affected by an agent’s feeling in the past several rounds and
in the last run. In the past several rounds of the current run, if the agent achieved
a lot of transactions, he will be eager for more profit in the next rounds. On the
contrary, he will be eager for more transactions in the next rounds. However, the
transaction situation in the current run alone is not enough, considering there are
multiple consecutive runs of CDAs. The agent’s feeling in the current run will be
affected by his transaction situation in the last run as well. If the agent had a
good transaction record in the last run, this will encourage him to be eager for
more profit in the current run. Otherwise, if he had very few transactions in the
last run, he will be eager for more transactions in the current run. Since several
rounds of time is a short time when compared with a run, we call the feeling
formed during several rounds short-term attitude. We call the feeling developed
during a run long-term attitude. In this book, we propose one possible way to
express eagerness.
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Before we present eagerness and bidding strategies, two important definitions
of eagerness are given first.

Definition 3.1.1. Let NUM W=I be the number of successful transactions in the
past r rounds in which agent i is the winner. NUM total is the total number of
successful transactions in the past r rounds. The transaction rate T r

i is calculated
by:

T r
i = NUM W=I ÷ NUM total .

Definition 3.1.2. Let NUNIT traded be the number of agent i’s units traded suc-
cessfully in the last run. NUNIT owned is the total number of units agent i wanted
to trade in the last run. The transaction percentage Tp,i is defined as:

Tp,i = NUNIT traded ÷ NUNITowned .

The eagerness function is built on the foundation of two attitudes: the short-
term attitude and the long-term attitude. The function represents the feeling of
the agent in a series of CDAs. As a seller, a high value of the function represents
that the seller is eager to gain more profit by selling each unit of goods at high
prices. A low value of the function represents that the seller is eager to make more
transactions. Similarly, for a buyer, a high value of the function demonstrates that
the buyer is eager for more profit. A low value demonstrates the buyer is eager for
more transactions. The eagerness function is defined as follows:

Feager (T r
i , Tp,i) = T r

i × A(Tp,i) × W (T r
i ).

T r
i represents the short-term attitude which is related to a period of a few

consecutive rounds. W (T r
i ) is the weight of the short-term attitude. W (T r

i ) is an
increasing function for sellers and buyers and computed by Equation 3.1. W1, W2,
and W3 are different positive values of weight. W1 is smaller than W2 and W2

is smaller than W3 which are specified at the beginning of a round. If an agent
feels that he makes transactions too often, he will be eager for more profit and
the value of T r

i is large. Under this situation, the eagerness function will return a
high value with a high weight and a large T r

i .

W (T r
i ) =

⎧⎨
⎩

W1 × T r
i small T r

i

W2 × T r
i medium T r

i

W3 × T r
i large T r

i

. (3.1)

Tp,i represents the long-term attitude . A(Tp,i) is the weight of the long-term
attitude. In a series of CDAs, any seller or buyer can compare successive runs and
remember useful information from previous runs. As a seller, if he has sold all the
units he wanted to sell in the last run, he would be eager for more profit in the
current run. In this case, the eagerness function should return a high value. The
seller believes that he has left a lot of profit for buyers in the last run and he
should increase his asks on each unit of goods in the current run and grab more
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profit back from buyers. Otherwise, the seller should be willing to decrease his
prices and eager for more transactions in the current run. The eagerness function
should return a low value. A(Tp,i)1 is calculated in the following equation:

A(Tp,i) =
{

A + δ Tp,i = 1.0
A − δ Tp,i < 1.0 ,

where δ is a small positive real number. A is a positive real number specified at
the beginning of a round. The computation of A(Tp,i) for buyers is similar to that
of sellers.

Definition 3.1.3. Eagerness is the value computed by Feager (T r
i , Tp,i).

3.2 Bidding Strategies Based on Eagerness

In this section, we utilize a threshold-based method with heuristic rules (called the
α-ω method) in bid determination for sellers and buyers. In the bidding strategies
for sellers, if ob is higher than or equal to ω, the seller will think it is quite
profitable and accept the ob; if oa is lower than α, the seller will think that the
current market is not profitable at all and submit no new ask. Similarly, in the
bidding strategies for buyers, there are two thresholds α and ω as well. If ob is
higher than ω, the buyer will think that the current market is not profitable at all
and submit no new bid; if oa is lower than or equal to α, the buyer will think it
is quite profitable and accept the oa at once.

3.2.1 The Bidding Strategy for Sellers

We divide one round into three phases. The first phase is the beginning of the
round when there is no ob or oa. The second phase is when there is either ob or
oa. The third phase is when there are both ob and oa.

Suppose seller i is selling the kth unit in a round. In the first phase of the
round, the seller has no information other than the reservation price Cik of unit k
and the acceptable price range of the CDA market. The seller tends to submit a
high ask and computes his ask as follows:

ask = Cik + (Pul − Cik) × R1,

where R1 is a random real number.2

When there is only either ob or oa in the market, the seller will utilize ob or
oa to compute his ask. If there is ob and no oa, the seller will use the following
equation:

1If the number of the units of goods is very large, Tp,i is not necessarily equal to 1.0. Tp,i,
less than 1.0, is acceptable.

2For example, R1 can be located in [0.85, 1.0] to obtain higher asks.
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ask =

⎧⎨
⎩

ob ob ≥ ω
ob + (Pul − ob) × Feager ob < ω and ob > Cik

Cik + (Pul − Cik) × Feager ob < ω and ob ≤ Cik

,

where Feager represents the feeling of eagerness of the agent. ω is a threshold in
the α-ω method for sellers. If ob is higher than or equal to ω, the seller will submit
an ask equal to ob. Otherwise, the seller will compute an ask according to his
feeling of eagerness. The new ask must be higher than the reservation price Cik in
case of losing profit. At the same time, the ask must be higher than the current ob
because ob is not high enough. If the current ob is higher than Cik, the new ask
will be calculated by ob +(Pul −ob)×Feager . If not, the new ask will be calculated
by Cik + (Pul − Cik) × Feager .

If there is oa and no ob in the round, the seller will calculate his new ask
according to oa. If oa is lower than α which is another threshold in the α-ω method
for sellers, the seller will submit no new ask. Otherwise, the seller will give a new
ask slightly lower than the current oa.

In the third phase, both oa and ob exist in the market. If ob is higher than
or equal to ω, the seller will submit an ask equal to ob. If oa is lower than α, the
seller will submit no new ask. If oa is not too low and ob is not so high, the seller
will compute his ask according to his eagerness. The seller computes the basic
price and target price, denoted as Pbasic and Ptarget respectively. If there was a
transaction in the last round, the seller would take the maximum of the transaction
price and the outstanding bid as the target price. If there was no transaction in
the last run, the seller would take the maximum of the last outstanding ask and
the outstanding bid as the target price. The basic price is given by the following:

Pbasic = Cik × R2,

where R2 is initially a random real number.3

If there was a successful transaction in the last round, the seller would employ
the following equation to calculate the target price:

Ptarget = max(Pt last + θ, obcurrent),

where θ is a small random positive real number, obcurrent is the current outstanding
bid, and Pt last is the transaction price of the last round.

If there was not a transaction in the last round, the seller would employ the
following equation:

Ptarget = max(oa last − β, obcurrent),

where β is a small random positive real number, oa last is the outstanding ask of
the last round.

3For example, R2 can be located in [1.0, 1.5].
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The basic price gives an initial profit for the seller. The target price gives the
destination for the seller. The size of the step, denoted as Sstep , is calculated by
the equation below:

Sstep =
{

(Ptarget − Pbasic) × Feager Ptarget ≥ Pbasic

(max(Ptarget , Cik) − Pbasic) × (1 − Feager ) Ptarget < Pbasic
.

The final ask is calculated by the equation

ask = Pbasic + Sstep .

3.2.2 The Bidding Strategy for Buyers

There are also the same three phases in a round for buyers. Suppose buyer j is
buying the kth unit in a round. In the first phase, the buyer has no information
other than his reservation price Rjk of unit k and the acceptable price range of
the CDA market. The buyer tends to submit a low bid and computes the bid by
the following equation:

bid = Rjk − (Rjk − Pll ) × R3,

where R3 is a random real number.4

If there is oa and no ob, the buyer will calculate his bid using the following
equation:

bid =

⎧⎨
⎩

oa oa ≤ α
oa − (oa − Pll ) × Feager oa > α and oa ≤ Rjk

Rjk − (Rjk − Pll ) × Feager oa > α and oa > Rjk

. (3.2)

α is a threshold in the α-ω method for buyers. If oa is lower than or equal to
α, this buyer will think the ask is low enough to be accepted directly. Otherwise,
this buyer will compute his new bid by case 2 or case 3 in Equation 3.2.

If there is ob and no oa, the buyer will submit no bid if the current ob is
higher than ω, another threshold in the α-ω method for buyers. Otherwise, the
buyer will submit his new bid slightly higher than the current ob.

When there are already ob and oa, if the current oa is lower than or equal to
α, the buyer will accept the ask directly. If the current ob is higher than ω, this
buyer will not submit any new bid. Otherwise the buyer will compute the bid by
the following equations.

Pbasic = Rjk × R4,

where R4 is initially a random real number.5

4Similarly to R1, R3 can, for instance, be located in [0.85, 1.0].
5Similarly to R2, R4 can, for instance, be located in [0.5, 1.0].



3.3. Experimental Analysis 35

If there was a successful transaction in the last round, the buyer would adopt
the equation below to calculate the target price:

Ptarget = min(Pt last − θ, oacurrent),

where θ is a small random positive real number, oacurrent is the current outstanding
ask, and Pt last is the transaction price of the last round.

If there was not a successful transaction in the last round, the target price
would be calculated by the following equation:

Ptarget = min(ob last + β, oacurrent),

where β is a small random positive real number, ob last is the outstanding bid of
the last round.

Sstep =
{

(Ptarget − Pbasic) × Feager Ptarget ≤ Pbasic

(min(Ptarget , Rjk) − Pbasic) × (1 − Feager) Ptarget > Pbasic
.

The final bid is given by the equation

bid = Pbasic + Sstep .

3.3 Experimental Analysis

We carry out experiments in two groups: experiments to simulate static CDA
markets, and experiments to simulate dynamic CDA markets. The ultimate goal
of the experiments is to analyze the performance of AA strategy in the dynamic
CDA markets which resemble the practical CDA markets where all the sellers or
buyers are free to join or leave the market. Through all the experimental results, it
is demonstrated that AA strategy performs the best in the dynamic CDA markets.

Our first step is to implement the experiments which simulate static CDA
markets. The reason is that the static market is a simple environment compared
with the dynamic market. Based on the results of experiments simulating the
static CDA markets, AA strategy is demonstrated to be superior to others. Then
we begin to implement experiments which simulate dynamic CDA markets. In
order to clearly analyze the performance of AA strategy, we particularly design
the experiments to compare AA agents and one kind of other agents one by one in
dynamic CDA markets. Through the experimental results, AA strategy is observed
to outperform any other kind of strategies. Finally, we put AA agents and all the
other kinds of agents to compete together in one dynamic CDA market.
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3.3.1 Experiments to Simulate Static CDA Markets

The settings of the experiments to simulate static CDA markets are as follows.
First, each experiment is composed of multiple 1,000 runs. In each run, a seller
is endowed with a number of units of goods, reservation prices of which are inde-
pendently drawn from a uniform distribution within [1.0, 1.5]. A buyer is endowed
with a number of units of goods whose reservation prices are independently drawn
from a uniform distribution within [3.0, 3.5]. In order to compare each kind of
agents’ profit, we keep the reservation prices of different kinds of agents and the
number of units of goods of each kind the same. Second, in order to resemble a
human traders’ thinking process before submitting his ask or bid to the market,
we force the agent to allow a time period to elapse before submitting an ask or
a bid. This time period is specified as a randomly distributed variable and called
“thinking time” in this book. Third, to measure how well an agent performs in a
CDA, we evaluate his profit. For a seller i, the total profit on all s units sold in a
run is

∑s
k=1(Pik − Cik), where Pik is the transaction price. Similarly for a buyer

j, the total profit on all t units bought in a run is
∑t

k=1(Rjk − Pjk) and Pjk is
the transaction price. In the rest of this chapter, an agent’s profit is calculated as
the sum of the total profit in 1,000 runs.

Based on the above settings, we compare AA strategy with ZI-U, ZI-C, ZIP,
GD, A-FL, and CP strategies. These strategies represent the most widely cited
strategies in the literature for agents participating in CDAs. The experiments are
carried out to test seven kinds of sellers and seven kinds of buyers respectively. To
evaluate the behaviour of each kind of sellers or buyers, we compare their profits
in three situations: supply equal to demand (Figures 3.1 and 3.2), supply larger
than demand (Figures 3.4 and 3.5), and supply less than demand (Figures 3.3 and
3.6).

In each figure, the horizontal axis shows the supply or demand quantity and
the vertical axis shows the profit of agents using different strategies. Each curve
represents the profit of one kind of agents. The higher the profit, the better the
performance of this kind of agents.

In the experiments for sellers, each kind of sellers has 4 to 10 units of goods
to sell. The buyers are all ZI-C agents in order to be fair for seven kinds of sellers.
Because all kinds of sellers have the same number of units of goods to trade in
every run out of 1000 runs, the combination of sellers is always the same. This
means that all the sellers are not allowed to freely join or leave the market as they
want. As to the experiment setup for buyers, it is similar to that of the sellers.

The performance of the other six strategies is statistically worse than that of
AA agents. ZIP agents behave worse than AA agents because they do not consider
the adaptivity in several consecutive rounds. CP agents resemble ZIP agents. GD
agents show worse behaviour than AA agents because they focus on the history
without considering the transaction price of the last round, the outstanding ask,
and the outstanding bid in the current round. ZI-U and ZI-C agents submit random
asks and bids, which prevent them from achieving a high profit. A-FL agents can
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Figure 3.1: Performance of seven differ-
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28 to 70.
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Figure 3.2: Performance of seven differ-
ent buyers in static markets. The sup-
ply equals the demand, increasing from
28 to 70.

be adaptive while they do not consider the long-term adaptivity. As a result, their
performance is not as good as that of AA agents.

In order to analyze how the long-term attitude affects the whole performance
of AA agents, we design an additional set of experiments. We denote AA without
the long-term attitude as AA-NL. In the experiment for sellers, there are eight
kinds of sellers, ZI-U, ZI-C, ZIP, GD, A-FL, CP, AA, and AA-NL. The buyers are
all ZI-C agents. During each experiment, the number of units of goods and the
distribution of reservation prices for these units are kept the same for all kinds
of sellers. The number of units of ZI-C buyers changes randomly every 100 runs,
which leads to fluctuation of the supply and demand relationship in 1000 runs.
Similarly, we implement the experiment to compare the performance of AA buyers
and that of AA-NL buyers. Figures 3.7 and 3.8 demonstrate that AA agents gain
more profit than AA-NL agents.

3.3.2 Experiments to Simulate Dynamic CDA Markets

In the experiments to simulate static CDA markets, AA agents show a superior
performance than other agents. Nevertheless, in practical and dynamic CDA mar-
kets, the combination of sellers or buyers fluctuates from time to time because
agents can join or leave the market at any moment, which causes the supply and
demand relationship to be changed accordingly. Furthermore, one bidding strategy
that succeeds in one specific environment may not work well in other environments.
For all the above reasons, the following experiments are designed in order to com-
pare the performance of AA strategy with others in the practical and dynamic
CDA markets.
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Experiments to compare two kinds of agents

To simulate a practical and dynamic CDA market, the experiment setup is as
follows. In the experiments for sellers, a group of both AA sellers and one kind of
other sellers in comparison each have 5 units of goods to sell. Another group of
sellers are selected randomly from a pool which consists of 70 sellers. In this pool,
there are 10 AA, 10 ZI-U, 10 ZI-C, 10 ZIP, 10 GD, 10 CP, and 10 A-FL sellers,
each of which has one unit of goods to sell. Therefore, except that the two kinds of
sellers in comparison must have the same number of units of goods in every run,
the group of all other sellers are composed of different kinds of sellers with different
total numbers. Consequently, the combination of sellers changes with every run.
This can simulate that some sellers are free to join or leave the market as they
want, except for the two kinds in comparison. The buyers are all ZI-C buyers in
order to be fair to different kinds of sellers.

Following the experiments to simulate static CDA markets, we also divide the
supply and demand relationships into supply larger than demand, supply equal to
demand, and supply less than demand. For the case of supply larger than demand,
at the beginning of every run, the rest of the sellers are selected randomly from a
pool with number larger than 40. Thus the total number of units of goods desired
to be traded by all sellers is larger than 50. Every 1000 runs, the number of units
desired to be bought by buyers is changed from 10, 20, 30, 40, to 50, which is kept
smaller than the supply. Similarly, for the case of supply less than demand, the
rest of the sellers are selected randomly at the beginning of every run with number
smaller than 40. Therefore the supply is always smaller than 50. The number of
units of goods desired by buyers is changed from 60, 70, 80, 90, to 100 every
1000 runs, which is larger than the supply. Finally for the case of supply equal to
demand, the number of units of goods desired by the rest of the sellers randomly
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Figure 3.9: The comparison of performance of different sellers with AA sellers in
dynamic CDA markets when supply is smaller than demand. The X axis represents
demand from 60 to 100. The Y axis represents the profit of two sellers.

selected in each run is changed from 10, 20, 30, 40, to 50 every 1000 runs, while
the number of units of goods desired by the buyers is kept the same as that of all
the sellers. In the experiments for the buyers, the setup is similar to that of the
sellers.

From Figures 3.9, 3.10, 3.11, 3.12, 3.13, and 3.14, it can be seen that the
performance of AA agents is always superior to any other kind of agents in the
dynamic CDA markets. This demonstrates that (1) AA agents are adaptive to
different combinations of competitors; (2) AA agents are adaptive to different
supply and demand relationships. ZI-U and ZI-C agents behave worse because they
do not analyze the environment and the other agents whom they are competing
with. ZIP and GD agents always show a good performance. ZIP agents make use
of many factors of the CDA market, such as the transaction price of the last round,
the outstanding ask or the outstanding bid of the last round, the profit margin, etc.
In addition, ZIP agents use an updating rule in machine learning to be adaptive
to dynamic environments. However, for ZIP sellers, they do not consider the long-
term history longer than one round. They just pay attention to the information
of the last round. CP agents behave worse than ZIP agents. GD agents record a
neither too long nor too short history and submit the ask or bid that maximizes
the expected utility. GD agents can utilize the past successful asks and bids of all
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Figure 3.10: The comparison of performance of different sellers with AA sellers in
dynamic CDA markets when supply is equal to demand. The X axis represents
demand from 20 to 60. The Y axis represents the profit of two sellers.
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Figure 3.11: The comparison of performance of different sellers with AA sellers in
dynamic CDA markets when supply is larger than demand. The X axis represents
demand from 10 to 50. The Y axis represents the profit of two sellers.
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Figure 3.12: The comparison of performance of different buyers with AA buyers in
dynamic CDA markets when supply is smaller than demand. The X axis represents
supply from 10 to 50. The Y axis represents the profit of two buyers.
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Figure 3.13: The comparison of performance of different buyers with AA buyers
in dynamic CDA markets when supply is equal to demand. The X axis represents
supply from 20 to 60. The Y axis represents the profit of two buyers.
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Figure 3.14: The comparison of performance of different buyers with AA buyers in
dynamic CDA markets when supply is larger than demand. The X axis represents
supply from 60 to 100. The Y axis represents the profit of two buyers.
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kinds of agents. Nevertheless, GD agents cannot guarantee to be adaptive to the
changes of supply and demand relationships and the dynamic joining or leaving
of agents. A-FL agents can work well in some situations, especially when it is
hard for the agent to trade. However, there are many parameters to be adjusted
with the market fluctuation, which prevents the agents from being adaptive to the
dynamic environments from time to time.

Experiments to compare all kinds of agents

Based on the above experiments to compare two kinds of agents in each experi-
ment, it is observed that the performance of AA agents is superior when compared
with any other kind of agents. Thus we decided to design the experiments in the
following in order to compare all kinds of agents together in one experiment. The
main difference is that in the following experiments, at the beginning of each run
out of 1000 runs, all the sellers or buyers are randomly selected, while in the above
experiments, there are two kinds of sellers or buyers fixed and only the rest of the
sellers or buyers are randomly selected.

The experimental setup is that all 100 sellers are selected randomly in each
run from a pool that consists of 140 sellers. In this pool, there are 20 AA, 20 ZI-U,
20 ZI-C, 20 ZIP, 20 GD, 20 CP, and 20 A-FL sellers, each of which has one unit of
goods to sell. Consequently, the combination of sellers changes in every run. This
can simulate that all sellers are free to join or leave the market as they want. All
sellers have the same probability of being selected from the pool. Therefore, in
1000 runs, all kinds of sellers in comparison should have almost the same number
of submission opportunities for all the units of goods to be traded. The buyers are
all ZI-C buyers in order to be fair to different kinds of sellers. To simulate different
supply and demand relationships, the number of ZI-C buyers changes from 50, 60,
70, 80, 90, 100, 120, 140, 160, 180, to 200 every 1000 runs. The experimental setup
of buyers is similar to that of sellers.

Figures 3.15 and 3.16 clearly show that AA agents behave the best in the dy-
namic CDA markets under different supply and demand relationships. This result
demonstrates again that AA agents are adaptive to dynamic market environments.
In addition, ZIP and GD agents gain a lot of profit in these figures, which conforms
to the experimental results in Figures 3.9, 3.10, 3.11, 3.12, 3.13, and 3.14. In such
a dynamic CDA market, ZIP and GD agents take into account many factors of
the market and benefit from their adaptivity to the environment.

3.4 Summary

In this chapter, a new bidding strategy, called AA strategy, has been developed to
guide an agent’s buying or selling behaviour in a series of CDAs. AA strategy uses
heuristic rules and a reasoning mechanism based on two-level adaptive attitudes
and an α-ω method to decide what bids or asks to place and to accept. In the two-
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level adaptive attitudes, eagerness is defined based on the short-term attitude and
the long-term attitude, which reflects the realtime supply and demand relation
from an agent’s point of view. The α-ω method is integrated within the heuristic
rules, which tells an agent what kind of asks or bids should be accepted or declined
directly in the current market environment.

We benchmark the performance of AA strategy against six conventional al-
ternatives in the literature. The experiments are composed of two groups, exper-
iments to simulate static CDA markets, and experiments to simulate dynamic
CDA markets. The experimental results of the first group show the superior per-
formance of AA strategy in static market environments. Supported by the success
in static markets, we carry out the second group of experiments to let AA agents
compete with other kinds of agents one by one in dynamic market environments.
The results also illustrate that AA strategy can outperform any other strategy.
Finally, all the bidding strategies are put together in one dynamic CDA market to
compete, which again illustrates that AA strategy is the best. These results also
demonstrate the importance of eagerness based on two-level adaptive attitudes
and the α-ω method with heuristic rules. We view these as our main contribution.
We also notice that in some cases, the performance of ZIP, A-FL, or GD agents
is quite good compared with that of AA agents. The reason is that ZIP, A-FL, or
GD agents can make use of different factors in the market and as a result behave
adaptively to the dynamic market.



Chapter 4

Soft Asks and Soft Bids

There are several bidding strategies proposed in the literature for agents in CDAs.
For most bidding strategies, the asks or bids determined are hard and cannot be
compromised. However, for human traders, we notice that the decisions are usu-
ally soft and adaptive in different situations. Therefore, we believe that integrating
softness and adaptivity into the bidding strategies can enhance the performance
of agents. In this chapter, soft asks and soft bids are defined. Experimental results
confirm that when agents using different bidding strategies make soft compromise
in various situations, their performance is improved significantly in general. Ea-
gerness is extended on the basis of eagerness in Chapter 3. Fuzzy sets and fuzzy
logic rules are employed to decide the value of eagerness in order to cope with
uncertainty in the dynamic market. To guide agents to adopt soft asks or bids
in dynamic and unknown markets, an adaptive mechanism is proposed to adjust
the degree of softness of soft asks or bids according to eagerness. Experimental
results show that agents adopting the adaptive mechanism generally outperform
the corresponding agents without the adaptive mechanism.

The roadmap of this chapter is organized as follows. Section 4.1 introduces
the motivation of soft asks and soft bids. The definitions are given in Section
4.2. In Section 4.3, experiments are designed and implemented to explore the
rules on how to adjust the degree of softness with dynamic CDA market. Some
observations are described in Section 4.4. Section 4.5 extends eagerness based on
the previous version in Chapter 3 and proposes an adaptive mechanism. Section 4.6
presents experimental results of agents utilizing the adaptive mechanism. Section
4.7 concludes this chapter.

Part of the material presented in this chapter has been published in [68].
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4.1 Motivation

Consider a human buyer who wants to buy a unit of goods in a CDA market. After
taking into account a number of factors, he determines that he should submit a
bid about $100 to buy a unit of goods. If the current oa is $101, then it is possible
that the human buyer considers $101 to be still a good price. It is possible that he
accepts the oa and buys the unit of goods at $101. Thus, the decision on whether
to accept the current oa is not hard. We call the decision soft bid determination.

Of course, if the current oa is $135, then the human buyer might not be
willing to transact at $135 if he finds that he has been able recently to smoothly
buy many units of goods. However, the human buyer might be willing to accept
$135 if he feels that it is difficult for him to buy one unit of goods. Therefore, the
decision on whether to accept the current oa is not only soft, but also adaptive
depending on the current market environment, for example, whether it is difficult
or easy for the trader to have transactions in the market, and so on. We call
such soft decision, adaptive soft bid determination. These decisions often increase
transaction opportunities of the trader at good, though not “ideal” prices, and
have positive effects on the amount of total profit the trader gains in general.

A characteristic that is common to almost all the previously proposed strate-
gies is that the agent considers all the factors as required by the strategy in use,
and computes the ask or bid to be submitted, which is final and hard. A-FL strat-
egy [53] is the only exception with which agents are able to make a fixed soft bid
determination. However, the fixed soft bid determination is not adaptive, which
means that agents using A-FL strategy do not adjust the degree of softness of the
asks or bids according to the changing market. In practical CDA markets, sellers
and buyers often enter or depart the market freely; the composition of sellers or
buyers is not always the same; one specific degree of softness that is suitable for
agents using one kind of bidding strategies under one static market may not work
well for agents using other kinds of bidding strategies under different markets.
Therefore a fixed soft bid determination is not enough to handle a changing mar-
ket. We believe that when agents utilize the bidding strategy which integrates the
adaptive soft bid determination, their performance can be enhanced in general.
The effect of adaptive soft bid determination to agents utilizing different kinds of
bidding strategies is investigated in this chapter.

4.2 Definitions

For a seller i, suppose the ask determined by seller i is denoted as [ask − δs, ask],
which means that if the current ob is higher than or equal to ask−δs, a transaction
is made at the value of the ob and the current round will be ended. Otherwise,
the seller will submit ask to the market. This kind of asks is called soft asks for
sellers. δs is called the degree of softness for soft asks .
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Definition 4.2.1. For a seller, a soft ask is a tuple (a, δs) such that

• if ob > a − δs then the seller accepts ob;

• otherwise, the seller submits a as his ask.

After considering all the factors required by the bidding strategy in use, a
buyer j decides to accept any oa which is lower than or equal to bid + δb. If there
is no acceptable oa, the buyer will submit bid to the market. This kind of bid is
called a soft bid for buyers. δb is called the degree of softness for soft bids.

Definition 4.2.2. For a buyer, a soft bid is a tuple (b, δb) such that

• if oa < b + δb then the buyer accepts oa;

• otherwise, the buyer submits b as his bid.

4.3 Experimental Results and Analysis

Based on the definition of soft asks and soft bids, the key questions are when
the adoption of soft asks or bids can enhance profits and what degree of softness
should be adopted under different situations. The answer in conjecture is as follows.
For an agent, if the current market favors the agent, it is easy for him to make
transactions and he should not adopt soft asks or bids. If the current market goes
against the agent, it is difficult for him to make transactions and he should adopt
soft asks or bids. The degree of softness of soft asks or bids should be increased
when it becomes more and more difficult for the agent to make transactions. The
experimental results below have demonstrated the relationship between the degree
of softness and the situation whether it is easy or difficult for the agent to make
transactions

A series of five groups of experiments were conducted corresponding to five
kinds of agents utilizing ZI-C, ZIP, CP, GD, and A-FL. For each kind of agents,
there are two experiments for sellers and buyers individually. In each experiment,
seven sessions are provided in which the supply (demand) changes from 10 to 50
while the demand (supply) is 30. In each session, the profits of two kinds of agents
are compared. One is the agents utilizing the bidding strategy X , where X can be
ZI-C, ZIP, GD, CP, or A-FL. The other is the agents which employ X adopting
soft asks (soft bids), denoted as Xδs (Xδb

). For the agents utilizing Xδs (Xδb
), the

value of δs (δb) is changed from 0×step to 80×step, where step is a small value. In
each session, there are 1,000 runs for each specific δs (δb). In order to compare the
profits, the agents utilizing Xδs (Xδb

) and the agents utilizing X have the same
number of units of goods and the same distribution of reservation prices. Besides
these two kinds of sellers (buyers), other sellers (buyers) utilize bidding strategies
randomly selected from the other four strategies. All the buyers (sellers) utilize
ZI-C strategy in order to be fair for all kinds of agents.
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4.3.1 Experimental Results for Markets Favoring Agents

Figure 4.1 and Figure 4.2 show that when supply (demand) is 30, 40, and 50
while demand (supply) is 30, buyers (sellers) can trade all their units of goods.
The profit of agents utilizing Xδb

(Xδs) is lower than that of agents utilizing X ,
where X can be ZI-C, ZIP, CP, GD, and A-FL. The result demonstrates that
when the supply (demand) is larger than or equal to the demand (supply), the
buyer (seller) agent can smoothly trade all his units of goods and the adoption of
soft bids (asks) cannot benefit the buyer (seller) agent. The reasons are as follows.
The total number of transactions achieved by the agents utilizing Xδb

(Xδs) is the
same as that of the agents using X ; however the average transaction price of the
agents using Xδb

(Xδs) is higher (lower) than that of the agents using X , shown in
Figures 4.6(e), 4.6(f), 4.6(g) (Figures 4.4(e), 4.4(f), 4.4(g)). As a result, the profit
of agents utilizing Xδb

(Xδs) is lower than that of agents utilizing X .

4.3.2 Experimental Results for Markets Going Against Agents

Figure 4.1 shows that when the supply (demand) is 10, 15, 20, and 25, the profit
of agents using Xδb

(Xδs) is significantly better than that of agents using X . X in
Figure 4.1 can be ZI-C, CP, and GD. In Figure 4.2, when the supply (demand) is
10, 15, and 20, the profit of the agents using ZIPδb

(ZIPδs) is slightly better than
or similar to that of ZIP buyers (sellers). When the supply (demand) is 25, the
profit of the agents using ZIPδb

(ZIPδs) is less than that of ZIP buyers (sellers).
Similar results are shown for agents using A-FLδb

(A-FLδs). In summary, when
the market goes against the agent, the agent cannot trade most of his units of
goods and the adoption of soft bids or asks can benefit the agent in general.

It can be observed that the performance of agents using ZI-C, CP, and GD
with soft asks or bids is enhanced remarkably while the performance of agents
utilizing ZIP and A-FL with soft asks or bids is improved moderately or decreased
in some cases, i.e., when supply (demand) is 25. In order to explore the reasons,
we list the percentage of increase of the number of transactions, which is computed
by the number of transactions of agents using Xδs (Xδb

) minus that of X agents
and then divided by the latter. Figure 4.3 (Figure 4.5) shows the percentage of
increase for sellers (buyers). It can be seen that the percentage of increase of the
number of transactions achieved by the agents using ZI-C, CP, and GD integrated
with soft asks or bids is from 20 percent to 100 percent while the percentage of
increase achieved by the agents who utilize ZIP and A-FL adopting soft asks or
bids is around 20 percent.

At the same time, we also list the percentage of increase of the average trans-
action price. The value is calculated by the average transaction price of agents
using Xδs (Xδb

) minus that of X agents and then divided by the latter. In Figure
4.4 and Figure 4.6, it can be observed that the percentages of increase of aver-
age transaction price for agents using ZI-C, CP, GD, ZIP, and A-FL adopting
soft asks or bids are often similar to each other and within 10 percent. Thus the
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Figure 4.1: The thick curve is the profit of agents using Xδb
(Xδs). The thin one

is the profit of agents using X . In the top three sessions, the profit of Xδb
(Xδs)

agents cannot exceed that of X agents. In the bottom four sessions, the profit of
Xδb

(Xδs) agents is better than that of X agents. X can be ZI-C, CP, and GD in
this figure. The square on each curve represents the optimal softness.
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significance of the increase in number of transactions achieved by the agents us-
ing ZI-C, CP, and GD adopting soft asks or bids explains why their profits are
enhanced remarkably.
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Figure 4.2: The thick curve is the profit of agents using Xδb
(Xδs). The thin one

is the profit of agents using X . In the top four sessions, the profit of Xδb
(Xδs)

agents cannot exceed that of X agents. In the bottom three sessions, the profit
of Xδb

(Xδs) agents is slightly better than or similar to that of X agents. X can
be ZIP and A-FL in this figure. The square on each curve represents the optimal
softness.
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Figure 4.3: The percentage of increase of the number of transactions is calculated
by the number of transactions achieved by Xδs agents minus that of X agents and
then divided by the latter. The four figures give four different supply and demand
relationships. In each figure, different degrees of softness are included. X can be
ZI-C, ZIP, GD, CP, and A-FL in this figure.
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Figure 4.4: The percentage of increase of the average transaction price is calculated
by the average transaction price achieved by Xδs agents minus that of X agents
and then divided by the latter. The seven figures show seven different supply and
demand relationships. In each figure, different degrees of softness are included. X
can be ZI-C, ZIP, GD, CP, and A-FL in this figure.
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Figure 4.5: The percentage of increase of the number of transactions is calculated
by the number of transactions achieved by Xδb

agents minus that of X agents and
then divided by the latter. The four figures give four different supply and demand
relationships. In each figure, different degrees of softness are included. X can be
ZI-C, ZIP, GD, CP, and A-FL in this figure.
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Figure 4.6: The percentage of increase of the average transaction price is calculated
by the average transaction price achieved by Xδb

agents minus that of X agents
and then divided by the latter. The seven figures show seven different supply and
demand relationships. In each figure, different degrees of softness are included. X
can be ZI-C, ZIP, GD, CP, and A-FL in this figure.
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4.4 Observations

Suppose there are two groups of sellers, group 1 and group 2, among many sellers
and many buyers in one CDA market. The sellers in both groups employ the same
bidding strategy and have the same distribution of reservation prices and the same
number of units of goods. The only difference between these two groups of sellers
is that the sellers in group 1 adopt soft asks while the sellers in group 2 do not.

If a transaction is made by a seller who does not adopt soft asks, then when
the seller adopts soft asks, such a transaction can also be achieved. If there is no
transaction for a seller without adopting soft asks, then when the seller adopts
soft asks, there may be a transaction because the seller now is willing to make a
compromise with the buyer. A similar conclusion can be achieved for buyers. The
corresponding observations are given below.

Observation 1 Consider two groups of sellers in one CDA market. The only
difference between these two groups of sellers is that one adopts soft asks while
the other does not. The group of sellers who adopt soft asks will in general gain
a larger number of transactions than that achieved by the other group of sellers
who do not adopt soft asks.

Observation 2 Consider two groups of buyers in one CDA market. The only
difference between these two groups of buyers is that one adopts soft bids while
the other does not. The group of buyers who adopt soft bids will in general gain
a larger number of transactions than that achieved by the other group of buyers
who do not adopt soft bids.

From the experimental results shown in Figure 4.3 and Figure 4.5, it can be
seen that when the degree of softness is greater than 0, the percentage of increase
of the number of transactions achieved by the agents employing ZI-C, CP, GD,
ZIP, and A-FL integrated with soft asks or bids are in general significant. The
experimental results confirm Observation 1 and Observation 2.

Based on the experimental results in Figure 4.4, a phenomenon is illustrated
and described in the following. In one CDA market there are two groups of sellers.
The only difference between these two groups of sellers is that one group adopts
soft asks while the other does not. The average transaction price of the group of
sellers who adopt soft asks will be generally lower than that achieved by another
group of sellers who do not adopt soft asks. A similar phenomenon is shown in
Figure 4.6, that the average transaction price of the group of buyers who adopt
soft bids will be higher than that achieved by the other group of buyers who do
not adopt soft bids in general.

In summary, these experiments clearly show the following results:
(1) When the agent can trade all his units of goods, the adoption of soft asks

or bids cannot benefit him. Actually, it will decrease the profit of the agent. This
can be observed in Figure 4.1 and Figure 4.2. When supply is larger than or equal
to demand, all the buyer agents can buy all the units of goods that they desire to
buy. The buyer agents with soft bids cannot outperform the buyer agents without
soft bids. Similarly, seller agents can reach the same conclusion.
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Figure 4.7: Optimal softness of differ-
ent Xδb
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mand is fixed as 30. The supply is
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Figure 4.8: Optimal softness of dif-
ferent Xδs sellers. In each group, the
supply is fixed as 30. The demand is
changed from 10 to 30 from left to right
within a group. The sellers are utilizing
A-FL, CP, GD, ZI-C, and ZIP from the
left group to the right group.

(2) When agents cannot trade all units of goods, the adoption of soft asks
or bids can enhance the performance of the agents in general. For agents utilizing
ZI-C, CP, and GD with soft asks or bids, the performance is enhanced greatly.
For ZIP and A-FL agents adopting soft asks or bids, the performance can only
be improved moderately or decreased in some cases. The root cause is that the
number of transactions achieved by agents using ZI-C, CP, and GD with soft
asks or bids exceeds that of ZI-C, CP, and GD agents greatly, while the number of
transactions achieved by agents using ZIP and A-FL with soft asks or bids cannot.

(3) Figure 4.7 and Figure 4.8 show that for A-FL, CP, GD, ZI-C, and ZIP
agents adopting soft asks or bids, when the supply (demand) changes from 10
to 30 while the demand (supply) remains 30, the general trend of the optimal
softness corresponding to the highest profit of the agents is that the degree of soft-
ness decreases gradually when the supply (demand) approaches the fixed demand
(supply) step by step. Therefore when the agent finds it is difficult to trade all
his units of goods, he should increase the value of δb (δs); otherwise, he should
decrease the value of δb (δs).

In practice, it is hard for one agent to know clearly the realtime supply and
demand in a dynamic and unknown CDA market. Therefore, we utilize eagerness
to enable an agent to detect the current market environment from his own point
of view. When the value of eagerness approaches 1.0, the agent knows that it has
been easy for him to have many transactions recently; he should be eager for more
profit in the current round; and the degree of softness should be decreased. On
the contrary, when the value of eagerness is close to 0, the agent learns that he
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has difficulty in trading the goods; he should be eager for more transactions in
the current round; and the degree of softness should be increased to help him gain
more transactions. On the basis of eagerness, the agent has the ability to adapt the
degree of softness according to market context. In addition, an adaptive mechanism
is proposed to integrate eagerness and softness together with different bidding
strategies. Experiments are carried out to demonstrate the good performance of
agents brought by the adaptive mechanism.

4.5 Agents with Adaptive Soft Asks or Bids

Eagerness defined in Section 3.1.2 is an indicator of the current supply and demand
relationship from an agent’s point of view. In this section we extend eagerness by
employing a fuzzy set and fuzzy logic-based approach to compute the value of
eagerness. Based on eagerness, we provide an adaptive mechanism for agents to
adopt soft asks or bids and adjust the degree of softness adaptively.

4.5.1 Eagerness

In Section 3.1.2, eagerness has been defined and denoted as Feager , which is used
to represent the degree to which an agent is eager for more transactions or more
profits. Two definitions have been introduced to calculate the value of the long-
term attitude, Tp,i, and the short-term attitude, T r

i .
However, from Definition 3.1.1, it can be seen that the levels of eagerness

for different agents cannot be the same even if the value of T r
i is the same. For

example, assume there are two sellers among many sellers in the CDA market,
seller1 and seller2. Seller1 has two units of goods to sell and seller2 has ten units
of goods to sell. If the current values of T r

i for two sellers are both 0.1 in the past
10 consecutive rounds, it means that they both have traded 1 unit of goods in the
past 10 rounds. However, 1 unit of goods for seller1 is 50 percent of all his units of
goods while for seller2 only 10 percent of all his units of goods. Therefore, these
two sellers should have different values of eagerness. In order to make the value
of T r

i comparable among all agents, we normalize the value of T r
i and define the

desired transaction rate T r
i,desired and the normalized transaction rate T r

i,normalized

as follows.

Definition 4.5.1. Let NUNIT owned be the total number of units agent i wanted to
trade in the last run. NUM run is the total number of successful transactions in
the last run. The desired transaction rate T r

i,desired is calculated by:

T r
i,desired = NUNITowned ÷ NUM run .
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1: [rule1] IF T r
i,normalized is small and Tp,i is small THEN Feager is

min(T r
i,normalized, Tp,i);

2: [rule2] IF T r
i,normalized is small and Tp,i is medium THEN Feager is

min(T r
i,normalized, Tp,i);

3: [rule3] IF T r
i,normalized is small and Tp,i is large THEN Feager is

min(T r
i,normalized, Tp,i) − θ;

4: [rule4] IF T r
i,normalized is medium and Tp,i is small THEN Feager is

min(T r
i,normalized, Tp,i) + θ;

5: [rule5] IF T r
i,normalized is medium and Tp,i is medium THEN Feager is

min(T r
i,normalized, Tp,i);

6: [rule6] IF T r
i,normalized is medium and Tp,i is large THEN Feager is

min(T r
i,normalized, Tp,i) − θ;

7: [rule7] IF T r
i,normalized is large and Tp,i is small THEN Feager is

max(T r
i,normalized, Tp,i) + θ;

8: [rule8] IF T r
i,normalized is large and Tp,i is medium THEN Feager is

max(T r
i,normalized, Tp,i);

9: [rule9] IF T r
i,normalized is large and Tp,i is large THEN Feager is

max(T r
i,normalized, Tp,i);

Figure 4.9: The fuzzy rule base for eagerness.

Definition 4.5.2. The normalized transaction rate T r
i,normalized is calculated by:

T r
i,normalized =

⎧⎨
⎩

T r
i ÷ T r

i,desired T r
i ≤ T r

i,desired and T r
i,desired > 0

T r
i T r

i,desired = 0
1 otherwise

.

We employ the previous example to explain the meaning of T r
i,normalized.

Suppose there are 20 transactions in the last run. Thus the desired transaction
rate T r

i,desired for seller1 is 0.1 and that of seller2 is 0.5. After normalization, the
value of T r

i,normalized for seller1 is 1.0 and that of seller2 is 0.2. There exists a big
difference between seller1 and seller2. Consequently, seller2 will be much more
eager for transactions compared with seller1.

The CDA market is dynamic and partially unknown to agents. In addition,
information collected from the market is uncertain and imprecise. These reasons
lead us to employ fuzzy sets and fuzzy logic [133] in making decisions. We note that
there are a huge amount of successful applications based on fuzzy logic and fuzzy
control [34], [131], [53]. Among many kinds of fuzzy controllers, Sugeno controller
[105] [134] has been widely used in many areas, including the application in [53].
The idea of Sugeno controller is to produce rules of the form:

IF x1 is Ai and x2 is Ai+1 THEN μi is fi(x1, x2),
where i ∈ [1, n], which have fuzzy antecedents and consequences that are func-
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or percentage
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Figure 4.10: The three fuzzy sets used in the reasoning.

tions of the input variables. The output of these rule results is aggregated as
weighted sums of each result generated by each rule, denoted as μ = (

∑n
i=1(αi ×

fi(x1, x2)))/(
∑n

i=1 αi). αi is the degree of membership of the input value in the
rule antecedent and calculated by: αi = min{Ai(x1), Ai+1(x2)}.

As required by the Sugeno controller, we define three fuzzy sets, small,
medium, and large (shown in Figure 4.10) and provide a set of fuzzy rules (shown
in Figure 4.9). The value of eagerness is computed by the Sugeno controller based
on these fuzzy sets and reasoning rules. The value of eagerness represents the feel-
ing of an agent in a series of CDAs. For any agent, when he could only trade a
few units of goods in the past several rounds and he could not trade all his units
of goods in the previous run, he will become eager for more transactions. The
value of eagerness is small. Thus the agent will submit low asks or high bids in
the current round in return for more transactions. On the contrary, if the agent
could trade many units of goods in the past several rounds and he could trade all
his units of goods in the previous run, he will become eager for more profit. The
value of eagerness is large. Therefore the agent will submit high asks or low bids
in the current round in order to gain more profits.

4.5.2 Enhancing Bidding Strategies for Sellers and Buyers by
Adaptive Soft Asks and Soft Bids

Algorithms have been designed for seller agents and buyer agents utilizing dif-
ferent bidding strategies to integrate the adaptive mechanism. X represents any
bidding strategy without integrating the adaptive mechanism. Xδs (Xδb

) denotes
the enhanced bidding strategy for sellers (buyers) with the adaptive mechanism.

The algorithm for sellers is given in Figure 4.11. The enhanced bidding strat-
egy works in the following way. A seller first calculates eagerness, and then com-
putes the degree of softness δs according to eagerness, the reservation price, and
the highest price of the market. If ob is higher than the value of ask − δs, ob is
accepted by the seller and a transaction occurs. Otherwise, the seller will submit
an ask that is equal to the ask calculated by using strategy X . For buyers, the
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1: calculate F
(i)
eager ;

2: let P
(i)
ul be the highest price of the market;

3: let C
(i)
k be the reservation price of the current unit of goods;

4: let δ
(i)
s represent the degree of softness of seller i;

5: δ
(i)
s = (1 − F

(i)
eager ) × (P (i)

ul − C
(i)
k );

6: calculate an ask utilizing strategy X ;
7: if (ask − δ

(i)
s ) < ob then

8: accept ob; the current round is ended;
9: else

10: submit the ask ;
11: end if

Figure 4.11: The pseudo code of any bidding strategy X with the adaptive mech-
anism for sellers.

enhanced bidding strategy is shown in Figure 4.12. Similarly, a buyer calculates
the value of eagerness and δb of soft bids accordingly. If oa is lower than bid + δb,
there is a transaction. Otherwise, the buyer will submit a bid that is equal to the
bid calculated by X .

For example, consider a seller. The long-term attitude Tp,i is 0.9 and the
short-term attitude T r

i,normalized is 0.3. Then the value of eagerness is 0.29 where

θ is 0.01. Suppose the value of P
(i)
ul is 3.4 and the value of C

(i)
k is 1.2. As a result,

the degree of softness δs of the soft asks is 1.56. It means that when ob is larger
than ask − 1.56, the seller will accept the ob. This will be sure to help him grab
more transactions. The result also conforms to the intuition of humans. When the
seller cannot trade many units of his goods, then he will be more eager to trade
his goods in the current round. Consequently, the seller is willing to accept more
bids even if the bids are not so profitable. Thus the value of δs of soft asks is large.

4.6 Experimental Evaluation

4.6.1 Experimental Setup

This section evaluates the adaptive mechanism by comparing the profit gained
by agents using strategy X with the profit achieved by agents using Xδs (Xδb

)
in a variety of dynamic environments, where Xδs (Xδb

) is X integrated with the
adaptive mechanism. X can be ZI-C, ZIP, CP, GD, and A-FL, which represent
the most widely cited strategies for agents participating in CDAs. The dynamic
environment is characterized by: (1) the relationship of supply and demand is
changing every 1000 runs; (2) the combination of agents always changes in every
run, which means that participants do not necessarily have similar behaviours in
any two successive runs of CDAs.
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1: calculate F
(j)
eager ;

2: let P
(j)
ll be the lowest price of the market;

3: let R
(j)
k be the reservation price of the current unit of goods;

4: let δ
(j)
b the degree of softness of buyer j;

5: δ
(j)
b = (1 − F

(j)
eager) × (R(j)

k − P
(j)
ll );

6: calculate a bid utilizing strategy X ;
7: if (bid + δ

(j)
b ) > oa then

8: accept oa; the current round is ended;
9: else

10: submit the bid ;
11: end if

Figure 4.12: The pseudo code of any bidding strategy X with the adaptive mech-
anism for buyers.

In each run, a seller is endowed with a number of units of goods whose
reservation prices are independently drawn from a uniform distribution within
[1.1, 1.3]. Similarly, the reservation prices for the units of goods needed by a buyer
are independently drawn from [3.1, 3.3]. As in Section 3.3.1, an agent has a period
of thinking time to elapse before submitting an ask or a bid. In order to measure
how well an agent performs in a CDA, we evaluate the profit. For a seller i, the
total profit on all s units sold in a run is

∑s
k=1(P

(i)
k − C

(i)
k ) where P

(i)
k is the

transaction price. Similarly for a buyer j, the total profit on all t units bought in
a run is

∑t
k=1(R

(j)
k −P

(j)
k ). An agent’s profit is calculated as the sum of the total

profits in 1,000 runs.
The experiments are divided into two parts. The first part is designed for

testing five pairs of sellers, i.e., ZI-C and ZI-Cδs , ZIP and ZIPδs , CP and CPδs ,
GD and GDδs , A-FL and A-FLδs . The second part is designed for five pairs of
buyers, i.e., ZI-C and ZI-Cδb

, ZIP and ZIPδb
, CP and CPδb

, GD and GDδb
, A-FL

and A-FLδb
.

In the first part, X is one of ZI-C, ZIP, CP, GD, and A-FL in one experiment.
The number of units of goods for Xδs sellers and that for X sellers are always 5.
The reservation prices of all the units of goods to be traded by the sellers utilizing
Xδs are the same as those of X sellers. As to the number of units of goods for
the other four kinds of sellers, the initial number for each is 10. In the beginning
of each run, we randomly select 20 from 40. Thus the combination of sellers is
always changing. The buyers are all ZI-C agents to be fair to different sellers. In
any experiment, the demand is changed from 10 to 30 every 1000 runs with the
step of 5, while the supply is kept 30. Thus the supply and demand relationship is
not static in one experiment. Here we do not include the demand larger than the
supply because it has been demonstrated in Section 4.3.1 that when sellers can
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sell all their units of goods, the adoption of soft asks cannot benefit them. In the
second part, the experimental setup of buyers is similar to that of sellers.

4.6.2 Experimental Results

The experiments aim to compare the performance of agents adopting X and Xδ

(Xδb
and Xδs). There are five groups of experimental results for ZI-C, ZIP, CP,

GD, and A-FL individually. In each group, there are one for buyers and one for
sellers. We divide these five groups into two categories. The first is composed of
ZI-C and ZI-Cδ, CP and CPδ, and GD and GDδ (shown in Figure 4.13). The
second is composed of ZIP and ZIPδ , and A-FL and A-FLδ agents, shown in
Figure 4.14.

Results for GD, ZI-C, and CP agents

Figure 4.13 shows that the profit gained by agents using Xδb
(Xδs) is significantly

better than that of agents using X , where X can be ZI-C, CP, and GD. When
the supply is equal to the demand, the profits of Xδ agents and X agents are
similar. The reason is that under this situation, all these agents can trade almost
all their units of goods, which determines that the eagerness approaches 1 and
consequently the degree of softness approaches 0. Therefore the effect of soft asks
or bids almost disappears and the profits of Xδ agents and X agents are similar.

Results for ZIP and A-FL agents

It is shown in Figure 4.14 that the profits of ZIP and A-FL agents adopting the
adaptive mechanism are slightly better than or similar to that of ZIP and A-FL
agents without the adaptive mechanism. In particular, in Figure 4.14(c), the profit
of A-FLδb

agents is not as good as that of A-FL agents when supply is 20 and
demand is 30. The reason is that the percentage of increase of the number of
transactions is not big enough, such that the profit of A-FLδ agents cannot exceed
that of A-FL agents. This phenomenon conforms to the results in Section 4.3.2,
which shows the performance of ZIP and A-FL agents can hardly be enhanced by
adopting different degrees of softness.

4.6.3 Summary and Discussion

In general, adoption of the adaptive mechanism will benefit agents when they
cannot trade all their units of goods, which is shown in Figure 4.13 and Figure
4.14. There are several reasons for good performance of agents with the adaptive
mechanism to adjust the degree of softness for soft asks or bids. First, the adaptive
mechanism enables one agent to learn the current supply and demand situation
from his own point of view, which is a meaningful and practical guidance for the
agent to rely on. Second, an agent with the adaptive mechanism can learn to
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(b) ZI-C sellers and ZI-Cδs sellers.
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(d) CP sellers and CPδs sellers.
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Figure 4.13: The thick curve is the profit of agents utilizing Xδb
(Xδs). The thin

one is the profit of agents using X . X can be ZI-C, CP, and GD in this figure.
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(b) ZIP sellers and ZIPδs sellers.
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(c) A-FL buyers and A-FLδb
buyers.
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(d) A-FL sellers and A-FLδs sellers.

Figure 4.14: The thick curve is the profit of agents utilizing Xδb
(Xδs). The thin

one is the profit of agents using X . X can be ZIP and A-FL in this figure.
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adjust the degree of soft asks or bids, so as to prevent himself from being too soft
or too hard. When the agent can trade most of his goods, he will adjust the value
of δ (δs and δb) to be small. Otherwise, he will adjust the value of δ to be large.
However, other agents without the adaptive mechanism cannot learn such lessons
from experience. Third, in Figure 4.13 and Figure 4.14, it can be seen that the
profit of Xδ agents will gradually approach that of X agents. This phenomenon is
natural because when the difference between the supply and the demand becomes
smaller and smaller, the agents employing strategy Xδ can trade more and more
units of goods. Thus the value of δ is smaller and smaller, which causes the effect
of soft asks or bids to be weak. Thus the profit of Xδ agents becomes close to that
of X agents.

4.7 Summary

This chapter introduces the motivation and the concept of soft asks or bids for
agents in CDAs. Experimental results and analysis have illustrated that: (1) when
agents can trade all their units of goods, they should not adopt soft asks or bids;
(2) when the agents cannot trade all their units of goods, the adoption of soft asks
or bids can benefit them; (3) when an agent finds it difficult to make transactions,
he should increase the degree of softness; otherwise, he should decrease the degree
of softness. In order to guide agents to adopt soft asks or bids in a dynamic CDA
market, an adaptive mechanism is presented, which enables agents to make a
soft decision according to the current market context. The key component of the
adaptive mechanism is eagerness which is extended from the eagerness in Chapter 3
by means of a fuzzy sets and fuzzy logic-based approach. Algorithms for sellers and
buyers to integrate the adaptive mechanism are given. Experiments to evaluate
agents using ZI-C, ZIP, GD, A-FL, and CP with the adaptive mechanism are
also implemented, which demonstrate that in general the adaptive mechanism can
remarkably enhance the performance of agents using different bidding strategies
in CDAs.



Chapter 5

Adaptive Judgement of Price
Acceptability

There are several bidding strategies in the literature for agents in CDAs to employ,
any of which can achieve a good performance. Nevertheless, almost none of these
strategies judge whether a price is acceptable before the agents calculate their
own asks or bids. [53] by He et al. is the only work in the literature in which the
judgement of price acceptability is incorporated into the bidding strategy. With
the judgement of price acceptability, agents can improve their profit by accepting
asks or bids directly or submitting no asks or bids until they have computed them.

However, the issues of whether price acceptability can generally improve the
performance of agents utilizing different bidding strategies and how to adjust
thresholds of price acceptability within dynamic CDA markets, are interesting
problems yet to be addressed. Therefore the research discussed in this chapter
explores these problems. Experimental results have demonstrated that the judge-
ment of price acceptability can enhance the performance of agents. In order to
enable agents to adopt this approach, we propose an adaptive mechanism. The
core of the adaptive mechanism is eagerness, which was introduced in Chapter 3
and extended in Chapter 4. Experimental results show that agents adopting the
adaptive mechanism remarkably outperform agents without the mechanism.

The remainder of this chapter is organized as follows. Section 5.1 describes
the motivation of price acceptability. Section 5.2 defines the judgement of price
acceptability. Experiments are designed and conducted in Section 5.3 to detect the
general rules of adjusting price acceptability within the market. Section 5.4 pro-
poses the adaptive mechanism of judgement of price acceptability for agents using
different bidding strategies in CDAs. Section 5.5 presents experimental results of
agents adopting the adaptive mechanism. Section 5.6 concludes this chapter.

Part of the material presented in this chapter has been published in [70].
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5.1 Motivation

Suppose a human buyer needs to buy some units of goods in a CDA market. The
current oa is $1.5. Based on the trading history of the market, he knows that the
oa is profitable enough for him. In addition, suppose he has had few transactions
in the past several consecutive rounds. Naturally, he is eager for transactions
in the current round. In this case, it is very likely that he will accept the oa,
$1.5, immediately. However, if the current ob is $3.0, the human buyer thinks
that it is a very high price considering the trading history of the market and his
experience. It would be hard for him to submit an even higher bid so as to replace
the ob. Therefore the human buyer normally will not be willing to submit any new
bid to the current round. We call this kind of behaviour the judgement of price
acceptability for buyers.

We notice that for human buyers, the judgement of price acceptability is not
static. Instead, it is always changing, conditioning on the market context. Con-
sider the market in the above paragraph. Suppose the human buyer consecutively
succeeds in many transactions at the price of about $1.5. Then if the current oa
is $1.5, he is not willing to accept the oa. Assume oa is $1.25. If the human buyer
thinks it is a profitable price based on his experience and the trading history, he
will accept the oa directly. We call this dynamic process the adaptive judgement
of price acceptability for buyers. A formal definition of the judgement of price
acceptability for buyers is given in the following.

5.2 Definitions

Definition 5.2.1. For a buyer, the judgement of price acceptability consists of two
thresholds αb and ωb such that

• αb is lower than or equal to ωb;

• if oa ≤ αb, then the buyer accepts oa;

• if ob ≥ ωb, then the buyer submits no bid;

• otherwise, the buyer computes a bid using some strategy X .

Similarly, we can define the judgement of price acceptability for sellers.

Definition 5.2.2. For a seller, the judgement of price acceptability consists of two
thresholds αs and ωs such that

• αs is lower than or equal to ωs;

• if oa ≤ αs, then the seller submits no ask;

• if ob ≥ ωs, then the seller accepts ob;

• otherwise, the seller computes an ask using some strategy X .
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If X denotes any bidding strategy, Xωb
αb

is defined to represent the strategy
X integrated with the judgement of price acceptability for buyers. Similarly, Xωs

αs

represents X integrated with the judgement of price acceptability for sellers. Xω
α

represents both Xωs
αs

and Xωb
αb

.

5.3 Experimental Results and Analysis

As to the previous questions on whether the judgement of price acceptability can
generally improve the performance of agents using different kinds of strategies and
how to adjust the thresholds of price acceptability within dynamic markets, our
conjecture is that the judgement of price acceptability can benefit agents under
different market situations; when the buyer can trade all the units of goods, the
values of αb and ωb should be small; otherwise, αb and ωb should be large; for
seller agents, their profit will be enhanced with large values of αs and ωs when
easy to sell and with small values of αs and ωs when difficult to sell. The following
experiments are designed and implemented to test and then confirm the above
conjecture.

5.3.1 Experimental Setup

In the experiments, five kinds of bidding strategies are investigated, namely, ZI-C,
ZIP, CP, GD, and A-FL, which are the most widely cited bidding strategies in
the literature of CDAs. For each kind of strategy X , the effect of the judgement
of price acceptability is explored for sellers and buyers respectively by comparing
the profit gained by Xω

α agents and that of X agents. X can be ZI-C, ZIP, CP,
GD, or A-FL.

In the experiments for buyers, the demand is fixed as 30 while the supply
can be 24, or 30, or 36. Under one specific supply and demand relationship, the
value of αb is selected from the range of [1.1, 3.3] with a step of 0.2. The range of
[1.1, 3.3] covers all the feasible asks and bids in the market. In addition, we also
include 0 as a value of αb, which simulates no effect of αb. For each value of αb, the
value of ωb is generated from the range of [αb, 3.3] with a step of 0.2. In addition,
we also include a very large value for ωb to simulate there is no effect of ωb. For
each pair of αb and ωb, 1000 runs are carried out.

In order to compare the profit of Xωb
αb

buyers and that of X buyers, the
number of units of goods and the distribution of reservation prices are identical
for these two kinds of buyers in each run. The rest of the buyers can randomly
select any bidding strategy from ZI-C, ZIP, CP, GD, and A-FL except X and Xωb

αb
,

while the demand is always 30. All the sellers are ZI-C sellers in order to be fair
to all buyers. The experiment setup for sellers is similar to that for buyers.
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5.3.2 Experimental Results and Analysis

Figures 5.1, 5.2, and 5.3 compare the profit of ZI-Cωb
αb

buyers and that of ZI-C
buyers for three different supply and demand relationships. To save space, we
extract 4 out of 13 values of αb, each of which has several correspondent values of
ωb. When the supply is greater than or equal to the demand, the buyers can buy
all the units of goods. The profit of Xωb

αb
buyers is better than that of X buyers

especially when the values of αb and ωb are small (shown by the solid curve in
Figures 5.1(a) and 5.2(a)). The values of αb and ωb corresponding to the highest
profit are obviously smaller than the average transaction price1, denoted as P̂ ,
of the market in Figures 5.1(a) and 5.2(a). When the supply is smaller than the
demand, which means that it is difficult for buyers to trade all, the profit of Xωb

αb

buyers exceeds that of X buyers especially when the values of αb and ωb are large
(shown by the solid curve in Figures 5.3(c)). The values of αb and ωb of the highest
profit are larger than the average transaction price of the market which is shown
as a bold vertical line in the figures.

Similarly, the profit of ZI-C sellers can be significantly enhanced by adopting
different thresholds of price acceptability, as shown in Figures 5.4, 5.5, and 5.6. It
can be observed that when the supply is greater than the demand, sellers have dif-
ficulty in trading their goods; the profit of Xωs

αs
sellers is decreases with a decrease

of the values of αs and ωs, shown by the solid curves in Figure 5.6. The highest
profit for sellers occurs when the values of αs and ωs are smaller than P̂ . On the
contrary, when it is easy for sellers to trade their goods, their profit increases with
an increase of the values of αs and ωs, shown by the solid curves in Figures 5.4
and 5.5. The highest profit for sellers occurs when the values of αs and ωs are
larger than P̂ . In [69], the results of the other four kinds of agents are illustrated
to be similar to those of ZI-C agents.

In order to clearly show the trend of the optimal values of αb and ωb corre-
sponding to the highest profit of ZI-Cωb

αb
buyers under different supply and demand

relationship, we list the optimal values in Figures 5.1, 5.2, and 5.3 in Table 5.1. It
can be observed that when the supply is larger than or equal to demand, which
means that it is easy for buyers to trade all the units of goods, the values of αb

and ωb are both smaller than the average transaction price of the market; when
the supply is smaller than demand, buyers cannot trade all the goods; in this case,
the values of αb and ωb are greater than P̂ ; moreover, the larger the supply, the
smaller αb and ωb. For ZI-Cωs

αs
sellers (in Figures 5.4, 5.5, and 5.6), the result is

similarly shown in Table 5.2. As for the other four kinds of agents, similar results
are shown in [69].

Based on the above experiment results, the following conclusions can be
made.

• The adoption of certain thresholds of the judgement of price acceptability
1Generally speaking, the transaction prices in CDA markets often converge to a competi-

tive equilibrium price quickly. Therefore, the transaction prices provide an important point for
reference. To reflect this fact, we select the average transaction price as a reference.
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Figure 5.1: ZI-C buyers and ZI-Cωb
αb

buyers when supply is 36 and demand is 30.
The vertical line in the middle of each figure shows the average transaction price.

1.1 1.5 1.9 2.3 2.7 3.1 infinity
3500

4000

4500

5000

5500

ZIC

alpha=1.3; omega>=1.3 

profit 

omega 

ZI-Cωb
αb

(a) αb = 1.3

1.1 1.5 1.9 2.3 2.7 3.1 infinity
3500

4000

4500

5000

5500

ZIC

alpha=1.9; omega>=1.9 

profit 

omega 

ZI-Cωb
αb

(b) αb = 1.9

1.1 1.5 1.9 2.3 2.7 3.1 infinity
3500

4000

4500

5000

5500

ZIC

alpha=2.5; omega>=2.5 

profit 

omega 

ZI-Cωb
αb

(c) αb = 2.5

1.1 1.5 1.9 2.3 2.7 3.1 infinity
3500

4000

4500

5000

5500

ZIC

alpha=3.1; omega>=3.1

profit 

omega 

ZI-Cωb
αb

(d) αb = 3.1

Figure 5.2: ZI-C buyers and ZI-Cωb
αb

buyers when supply and demand are both 30.
The vertical line in the middle of each figure shows the average transaction price.
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Figure 5.3: ZI-C buyers and ZI-Cωb
αb

buyers when supply is 24 and demand is 30.
The vertical line in the middle of each figure shows the average transaction price.
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Figure 5.4: ZI-C sellers and ZI-Cωs
αs

sellers when supply is 30 and demand is 36.
The vertical line in the middle of each figure shows the average transaction price.
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Figure 5.5: ZI-C sellers and ZI-Cωs
αs

sellers when supply and demand are both 30.
The vertical line in the middle of each figure shows the average transaction price.
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Figure 5.6: ZI-C sellers and ZI-Cωs
αs

sellers when supply is 30 and demand is 24.
The vertical line in the middle of each figure shows the average transaction price.

can significantly improve the performance of agents under different market
situations. In detail, if it is easy for a buyer to make many transactions,
the values of αb and ωb are small. On the contrary, if it is more and more
difficult for him to trade, the values of αb and ωb become larger and larger.
For a seller, if it is easy for him to trade, the values of αs and ωs are large.
On the contrary, if it is more and more difficult for him to trade, the values
of αs and ωs become smaller and smaller.

• When the buyer can trade all the units of goods, the profit is enhanced
especially when the values of αb and ωb are small, smaller than P̂ . Otherwise,
the profit is superior when the values of αb and ωb are large, larger than P̂ .
For seller agents, when it is easy to make transactions, good profit occurs
when the values of αs and ωs are large, larger than P̂ ; when it is difficult to
trade, profit is enhanced a lot when the values of αs and ωs are smaller than
P̂ .

The CDA market is usually dynamic and partially unknown to agents. It
is hard for agents to know the real-time supply and demand. In order to enable
agents to adjust the values of αb and ωb (αs and ωs) with market fluctuation,
eagerness (in Section 4.5.1) is utilized to enable agents to detect the real-time
market situation. Consider buyer agents. When the value of eagerness is small,
the buyer agent knows that it is difficult to buy as many units as he desires.
He will increase the values of αb and ωb gradually. On the contrary, when the
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Table 5.1: The Trend of αb and ωb

for ZI-C Buyers
Supply Demand αb ωb P̂

36 30 1.3 1.3 2.09
30 30 1.5 1.5 2.2
24 30 2.5 2.5 2.37

Table 5.2: The Trend of αs and ωs

for ZI-C Sellers
Supply Demand αs ωs P̂

30 36 3.1 3.1 2.34
30 30 2.5 2.5 2.22
30 24 1.5 1.7 2.04

value of eagerness approaches 1.0, it means that the buyer agent can easily buy
all the units he desires. He will decrease the values of αb and ωb. For sellers, the
adaptive rule is similar to that of buyers. When the value of eagerness is small,
the seller should decrease the values of αs and ωs gradually. Otherwise, when the
value of eagerness is large, the seller should increase the values of αs and ωs. As a
consequence, an agent can adjust the values of αb and ωb (αs and ωs) according to
eagerness which reveals the current market situation from the agent’s own point of
view. The adaptive mechanism of the judgement of price acceptability is proposed
in the following. Experiments are implemented to demonstrate the significance of
the adaptive mechanism to an agent’s performance.

5.4 Agents with Adaptive Judgement of Price

Acceptability

Now, on the basis of eagerness, we provide an adaptive mechanism of the judge-
ment of price acceptability in a dynamic and unknown CDA market. The adaptive
mechanism of judgement of price acceptability for sellers is given in Figure 5.7.
A seller first computes the values of αs and ωs according to eagerness, the aver-
age transaction price, the maximal transaction price, and the minimal transaction
price (shown from line 1 to line 10). If the ob is profitable enough, he will ac-
cept the ob; if the oa is not big, he will submit no ask; otherwise, he will utilize
X to calculate his ask, shown from line 11 to line 16. For buyers, the adaptive
mechanism is similar to that of sellers and shown in Figure 5.8.

In the pseudo code, m is a length of rounds to record the transaction prices.
If the value of m is too large, the agent will adjust his behaviour in a slow manner
that is not sensitive to the dynamic market. A fuzzy set Feager is close to 1.0 is
employed, which represents the distance from the current value of Feager to 1.0.
dthresh is the threshold for the fuzzy set. λ is a pre-specified constant value. If the
value of λ is too large, it will weaken the good performance brought by ω. If the
value of λ is too small, it will decrease the agent’s transaction opportunities.
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1: calculate Feager ;
2: P̂=average transaction price in the past m rounds;
3: Pmax=the maximal transaction price in the past m rounds;
4: Pmin=the minimal transaction price in the past m rounds;
5: Cik is the reservation price; λ is a pre-specified constant value.
6: if (Feager is close to 1.0) then

7: ωs = P̂ + (Pmax − P̂ ) × (Feager − dthresh); αs = ωs − λ;
8: /* when it is easy to sell, ωs and αs are larger than P̂ ; the easier, the larger.

*/
9: else

10: ωs = P̂ − (P̂ − max(Pmin, Cik)) × (dthresh − Feager); αs = ωs − λ;
11: /* when it is difficult to sell, ωs and αs are smaller than P̂ ; the more difficult,

the smaller. */
12: end if
13: if ob ≥ ωs then
14: Pt = ob; The round is ended;
15: else if oa ≤ αs then
16: submit no ask;
17: else
18: calculate an ask utilizing strategy X ;
19: end if

Figure 5.7: The pseudo code of the adaptive mechanism for seller agents.
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1: calculate Feager ;
2: P̂=average transaction price in the past m rounds;
3: Pmax=the maximal transaction price in the past m rounds;
4: Pmin=the minimal transaction price in the past m rounds;
5: Rjk is the reservation price; λ is a pre-specified constant value.
6: if (Feager is close to 1.0) then

7: αb = P̂ − (P̂ − Pmin) × (Feager − dthresh); ωb = αb + λ;
8: else
9: αb = P̂ + (max(Pmax, Rjk) − P̂ ) × (dthresh − Feager ); ωb = αb + λ;

10: end if
11: if ob ≥ ωb then
12: submit no bid;
13: else if oa ≤ αb then
14: Pt = oa; The round is ended;
15: else
16: calculate a bid utilizing strategy X ;
17: end if

Figure 5.8: The pseudo code of the adaptive mechanism for buyer agents.

5.5 Experimental Evaluation

5.5.1 Experimental Setup

The effect of the adaptive mechanism of judgement of price acceptability is eval-
uated by comparing the profit of X agents with that of agents using Xωs

αs
(Xωb

αb
),

where X is ZI-C, ZIP, CP, GD, or A-FL strategy. There are experiments for six
kinds of sellers, i.e., ZI-C, ZIP, CP, GD, A-FL, and Xωs

αs
and the experiments for

six kinds of buyers, i.e., ZI-C, ZIP, CP, GD, A-FL, and Xωb
αb

. In the experiments
for buyers, the number of units of goods of Xωb

αb
buyers and that of X buyers are

both 5. In addition, the distribution of reservation prices of these two kinds of
buyers is also the same so that their profit can be compared. As to the number of
units of goods for the other four kinds of buyers, the initial number for each is 10.
In the beginning of each run, we randomly select 20 units of goods from 40. Thus
the combination of buyers is always changing. The sellers are all ZI-C agents in
order to be fair to different buyers. In any one experiment, the supply is gradually
changed from 15 to 20, 25, 30, 40, 50, and 60 every 1000 runs, while the demand is
kept at 30. Thus the supply and demand relationship changes in one experiment.
In the experiments for sellers, the setup is similar to that for buyers.

In each run, a seller is endowed with a number of units of goods whose
reservation prices are independently drawn from a uniform distribution within
[1.1, 1.3]. A buyer is endowed with a number of units of goods whose reservation
prices are independently drawn from a uniform distribution within [3.1, 3.3]. In
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addition, as in Section 3.3.1, a time lapse occurs during which the agent has time
to think before submitting an ask or a bid. We evaluate the performance of an
agent by his profit in 1000 runs. For a seller i, the total profit on all s units sold
in a run is

∑s
k=1(Pik − Cik), where Pik is the transaction price. Similarly for a

buyer j, the total profit on all t units bought in a run is
∑t

k=1(Rjk − Pjk).
The threshold for the fuzzy set, dthresh, is 0.8 in the experiments since the

value of Feager is between 0.0 and 1.0. λ is set to 0.2 considering the maximal
transaction price of the market is about 3.2. m is set to be 30 rounds considering
there are altogether 1000 runs.

5.5.2 Experimental Results

From the results shown in Figures 5.9 to 5.18, it can be seen that Xω
α agents

always perform much better than X agents. This demonstrates that the adaptive
mechanism does work well. For ZI-C agents, the profit of ZI-Cω

α agents is evenly
and remarkably better than that of ZI-C agents. For the agents employing GD,
ZIP, CP, and A-FL, their profit is not evenly increased under different supply and
demand relationships. The reason is that GD, ZIP, CP, and A-FL agents have
various levels of learning ability in their bidding strategies.

In Figure 5.16, the profit of GDωs
αs

sellers is similar to that of GD sellers
when the supply is 30 and the demand is 60. The reasons are as follows. When
the demand is much larger than the supply, the profits of all sellers are greatly
improved since it is very easy to sell their goods. The profits of GD sellers are the
best compared with other kinds of sellers except GDωs

αs
sellers. Therefore the room

left for GDωs
αs

sellers to exceed GD sellers is narrow. As a result, the profits of GD
sellers and GDωs

αs
sellers are similar. For the case of GDωb

αb
buyers, the phenomenon

is the same, shown in Figure 5.15.
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As can be seen from Figures 5.9 to 5.18, the performance of X agents can be
remarkably enhanced by integrating the adaptive mechanism to adjust the thresh-
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olds of price acceptability under different supply and demand relationships. In
contrast to agents without the adaptive mechanism, those who adopt the adap-
tive mechanism achieve several advantages. First, the agents with the adaptive
mechanism are sensitive to the current supply and demand relationship, which is
a meaningful guide to adjust their thresholds of price acceptability. Second, the
ability to accept asks or bids without hesitation helps the agents grab many prof-
itable transactions. Third, the ability to submit no asks or bids to the market with
little profit left protects the agents from being trapped in unprofitable trades.

5.6 Summary

In this chapter, the judgement of price acceptability has been introduced. The
effect of the judgement of price acceptability to different kinds of strategies were
investigated. Experimental results demonstrate that adoption of the judgement
of price acceptability can enhance the performance of agents. When a buyer ex-
periences a change from easy trading of all his goods to difficult trading of some
goods, the thresholds of price acceptability will accordingly change from below the
average transaction price of the market to above the average transaction price. For
a seller, the result is similar. Based on the results, an adaptive mechanism for the
judgement of price acceptability is proposed to enable agents to decide whether
oa or ob is acceptable or not before they calculate their asks or bids. Experiments
on agents utilizing ZI-C, ZIP, GD, A-FL, and CP with the adaptive mechanism
are also implemented. Compared with agents without the adaptive mechanism,
the performance of agents with the adaptive mechanism is remarkably enhanced
in various environments, where both the supply and demand relationship and the
combination of agents are constantly changing.



Chapter 6

Adaptive Time Strategies

A market mechanism is a set of rules that governs interactions among buyers and
sellers and determines how to form a deal [113]. In many real-world situations
it is essential to conclude a negotiation among agents within a fixed deadline.
For example, there are continuous double auctions over the Internet that require
the trading period to terminate within 24 hours. Recently, auction designers have
researched the effect of deadlines in auction mechanisms and have applied them
to many electronic commerce applications, such as eBay and Amazon [26].

There are primarily two types of deadlines used in different kinds of auctions.
One type is a fixed time for terminating a round of an auction and no extension
is allowed. If the pre-specified deadline of a round is reached, all the buyers and
sellers have to leave the market no matter whether there is a transaction or not.
The other type is a deadline of inactive interval , which is a pre-specified interval
with no activities since the last valid ask or bid is submitted. With this type
of rules, the auction is ended if a sufficiently long interval of time without any
updating of outstanding asks or outstanding bids has passed.

To the best of our knowledge, none of the papers in the existing literature
on continuous double auctions has given a systematic treatment of incorporating
deadlines into the trading process.

For this case, we consider in this chapter continuous double auctions with
a fixed deadline. The specific contributions of this chapter are as follows. Firstly,
time strategies of agents are defined for buyers and sellers according to which
agents can arrange their behaviours. Secondly, the effect of different time strate-
gies on the profit of agents submitting circumstance-dependent soft asks and bids is
evaluated by experiments. Through experiments, the following rules are revealed.
When an agent finds it easy to trade all his goods, he should wait some time
before taking any actions in the market and instead utilize a delayed submission
time. Otherwise, when an agent finds it difficult to make transactions, he should
try to expedite his thinking as much as possible and adopt an early submission
time. A special market situation is detected, which we call “illusory seller’s or
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buyer’s market”. In detail, for a seller (buyer), when supply is larger (smaller)
than demand, it should be more difficult for the seller (buyer) to trade most of his
goods; however, the seller (buyer) can indeed trade most of his goods. In order to
handle this case, circumstance-dependent negative softness is introduced, which
stops the agent from making compromises and increases his profit. Experimental
results demonstrate that when encountering an illusory seller’s or buyer’s market,
adopting circumstance-dependent negative softness can enhance the agent’s profit
in general. Thirdly, based on these results and eagerness in Section 4.5.1, an adap-
tive mechanism is designed to guide agents employing various bidding strategies to
consider the effect of time. Fuzzy concepts [133] are applied in the mechanism. Ex-
perimental results demonstrate that agents with the adaptive mechanism perform
better than agents without the adaptive mechanism.

The remainder of this chapter is organized as follows. In Section 6.1, the
related work is given. Section 6.2 gives the motivation of different time strategies
and formal definitions. In Section 6.3, a special market situation, illusory seller’s
or buyer’s market, is detected and analyzed in CDA markets with a fixed dead-
line. Circumstance dependent soft asks and bids are introduced in Section 6.4.
In Section 6.5, rules are provided to adjust submission time according to market
situations. An adaptive mechanism is proposed in Section 6.6 and experimental
evaluation is given in Section 6.7. Section 6.8 concludes this chapter.

Part of the material presented in this chapter has been published in [71].

6.1 Preliminaries

The definition of continuous double auctions with a fixed deadline was introduced
in Section 2.2.2. The main characteristics of this type of CDAs are that the fixed
deadline to end each round is pre-specified before executing CDAs; if a transaction
occurrs on or before the deadline, the round is terminated; if there is no transaction
within the deadline, the round will end at the fixed deadline.

6.1.1 Related Work

In Chapter 4, rules are explored for agents to adopt soft asks and soft bids in
dynamic CDA markets. If it is easy for an agent to trade all his goods, he should not
make any compromise; otherwise, he should increase the degree of compromise step
by step. We call the compromise softness of asks or bids. Soft asks and soft bids
are defined to be the asks and bids with a range within which an agent can make
compromises. An adaptive mechanism is designed to guide agents utilizing different
bidding strategies to adopt soft asks and soft bids in a dynamic CDA market.
Experimental results show that their profit can be remarkably improved in general
by utilizing the adaptive mechanism, called adaptive bid softness determination.
In this chapter, we denote any bidding strategy X integrated with the adaptive
mechanism as XSoft , where X can be ZI-C, ZIP, CP, GD, or A-FL.
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None of the previous bidding strategies proposed for CDAs in the litera-
ture consider time issues in continuous double auctions. However, time limits or
deadlines have been widely explored in many related auction mechanisms. David
et al. [26] consider a procurement multi-attribute English auction with a dead-
line. They define a new deadline rule which can diminish the phenomenon of the
last-minute bidding strategy and prevent bottlenecks in an agent’s network. Choi
and Liu [15] propose a new market mechanism for time-constrained trading where
agents are associated with a fixed deadline and a search cost. Nevertheless, sta-
tistical information about the goods should be provided to buyers and sellers in
order to achieve a fair allocation among agents. A one-to-one negotiation model
with incomplete information under time constraint is built and analyzed by Cao
and Xu [10].

Besides the theoretical analysis of time effect, some researchers are interested
in online auctions in real life. For example, auctions on eBay have a fixed end
time, while auctions on Amazon are automatically extended if necessary past
the scheduled end time until ten minutes have passed without a bid. Roth and
Ockenfels [94] study second-price auctions run by eBay and Amazon where a
bidder submits a reservation price which is used to bid for him by proxy. The clear
difference observed in the amount of late bidding in eBay and Amazon is strong
evidence that the fixed end time gives bidders an incentive to bid late. The size
of the difference between bid distributions on eBay and Amazon suggests that the
different rules for ending an auction is an important element of auction design. The
relation between market design and artificial agent design is discussed in [84]. The
effect of different ending rules under controlled conditions are reported by Dan et
al. [24]. The difference in auction ending rules is sufficient by itself to produce the
differences in late bidding observed in the field data. The strategic advantages of
late bidding are severely attenuated in auctions that apply an automatic extension
rule such as auctions conducted on Amazon [85].

6.2 Time Strategies

6.2.1 Motivations

Consider a CDA market with a pre-specified fixed deadline for each round. As
in Section 3.3.1, a period of thinking time elapses before an agent submits an
ask or a bid. The thinking time resembles a human trader’s thinking time before
submitting his ask or bid in the market.

For example, as a human seller, if he knows that supply is less than demand,
it means that he can easily sell most of his goods. He will prefer to wait some
time before entering the trading process of the market. During the waiting time,
the outstanding ask may be decreased and the outstanding bid may be increased
gradually. The increased outstanding bid will improve the profit gained by the hu-
man seller if he accepts the bid after the waiting time. The decreased outstanding
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ask will reduce the profit gained by a seller, i.e. seller S, if this seller submits a
valid ask and makes a transaction. However, the human seller will not act as seller
S because the human seller will not conclude a transaction before the waiting
time ends. After the waiting time, if there is still no transaction, then the out-
standing bid might become quite profitable; however, if a transaction has already
been achieved, it means that some impatient seller has accepted the less profitable
outstanding bid. Therefore, by waiting some time, the profit earned by the human
seller will be enhanced in general.

On the contrary, the human seller feels it is difficult to trade his goods when
supply is larger than demand. Observing the ferocious competition among sellers
in the market, the human seller will expedite his thinking time if possible. This
kind of behaviour will help the seller gain more submission opportunities and
consequently more transaction opportunities, which will generally have a positive
effect on the profit gained by the seller.

Therefore in a dynamic CDA market, time strategies should be considered
and adjusted according to different market situations in the CDA market with a
fixed deadline. In the following, time strategies for sellers and buyers are defined.

6.2.2 Definitions of Time Strategies

Definition 6.2.1. A time strategy with submission time Ts,i for seller i is a behaviour
as follows:

• if the current time is later than Ts,i, then the seller will submit a (soft) ask
to the market;

• otherwise, the seller submits no ask.

Definition 6.2.2. A time strategy with submission time Tb,j for buyer j is a be-
haviour as follows:

• if the current time is later than Tb,j , then the buyer will submit a (soft) bid
to the market;

• otherwise, the buyer submits no bid.

Consider the previous example again. For the human seller, he has two differ-
ent time strategies conditioning on two different market situations. If it is easy for
him to trade all his goods, the value of Ts,i should be quite large compared with
the fixed deadline. We denote the large Ts,i as T L

s,i. For one trading process, the
human seller will not really get involved in the trading process until the current
time of one round is later than T L

s,i. Similarly for a human buyer, there is a large
Tb,j as well, denoted as T L

b,j.
On the contrary, if it is hard for the human seller to trade his goods, the value

of the submission time Ts,i should be smaller, compared with the fixed deadline.
This small value of Ts,i is denoted as T S

s,i, representing the thinking time of the
seller before submitting his ask. Therefore the current time here refers to the
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elapsed time since the beginning of the thinking process. For a human buyer, a
small submission time is introduced and denoted as T S

b,j.
Time strategies characterize human traders’ behaviours in the CDA markets

with a fixed deadline. Nevertheless, the issues of whether the adoption of time
strategies can enhance the profit of an agent in agent-based CDAs with a fixed
deadline, and what kind of submission time should be adopted under different
market situations, are interesting questions to be addressed. Our conjectures are
as follows. If it is easy for him to make transactions, employing the time strategy
with T L

s,i or T L
b,j can help the agent improve his profit. On the contrary, if it is

difficult for the agent to make transactions, the agent should use the time strategy
with T S

s,i or T S
b,j .

Before trying to answer the above questions, we must first select a superior
agent thst is known to perform well in the new market. For an agent who adopts
soft asks or soft bids, we have demonstrated in Chapter 4 that such an agent can
generally perform better than an agent who does not adopt soft asks or bids in
continuous double auctions with a deadline of inactive interval. In this chapter, the
rule of terminating each round of continuous double auctions has been changed to
a fixed deadline. Therefore, we need to re-compare the performance of an agent
adopting soft asks or soft bids with an agent not adopting soft asks or soft bids in
the new continuous double auction markets. The experimental results below tell us
which kind of agents behave better in which market environment and demonstrate
the trend of the agents’ profit with different submission times within time strategies
under various market environments.

6.3 Illusory Seller’s or Buyer’s Market in CDAs with a

Fixed Deadline

6.3.1 Agents Trading in CDAs with a Fixed Deadline

The continuous double auctions in this chapter are different from the basic CDAs
in Section 2.2.1 in that a fixed deadline is used to terminate each round. Therefore,
the performance of agents adopting soft asks or bids becomes unknown in the new
CDA market. Additional experiments are needed in order to compare the agent
adopting soft asks or bids with the agent not adopting soft asks or bids.

Two sets of experiments are designed to compare the performance of two
kinds of agents and to observe the effect of different submission times within time
strategies on the profit of sellers and buyers individually. One set is for sellers,
another for buyers. For the set of experiments for sellers, we compare two kinds
of sellers, XSoft and X , where X can be ZI-C, ZIP, GD, CP, or A-FL in the
experiments. Except for the target sellers, the other sellers are selected randomly
from the other four kinds of sellers. In each set, there are two groups. In one
group, the buyers are all ZI-C buyers; in the other group, the buyers are random
combinations of five different kinds of buyers. The random combinations of sellers
and buyers aim to simulate real-life trading.
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In the set of experiments for buyers, we compare two kinds of buyers XSoft

and X . The other buyers are randomly selected from the other four kinds of buyers.
In one group, the sellers are all ZI-C sellers while the sellers are randomly selected
from five kinds of sellers in another group.

The fixed deadline to terminate a round is 20000 time units.1 When it is easy
for an agent to trade, the agent should adopt T L

s,i. The value of T L
s,i is from 0 to

19000, considering the fixed deadline to end one round is 20000. On the contrary,
when it is difficult for an agent to trade, the agent should adopt T S

s,i. The thinking
time that an agent allows to elapse before submitting an ask or a bid is specified
as a random value within a range [1, 2000]. Since T S

s,i represents the thinking time
that the target agent allows to elapse before submitting an ask or a bid and is a
random value drawn from a range, denoted as [1, T S

max thinking time ], we focus on
finding the optimal range [1, T S

max thinking time ]. In the following, the results for
sellers are reported first.

In Figures 6.1, 6.2, 6.3, and 6.4, the solid curve represents the profit gained by
ZI-CSoft , ZIPSoft , GDSoft , CPSoft , or A-FLSoft agents. The dashed curve represents
the profit gained by ZI-C, ZIP, GD, CP, or A-FL agents. In general, the profit of
ZI-CSoft , ZIPSoft , GDSoft , CPSoft , or A-FLSoft agents is better than that of ZI-C,
ZIP, GD, CP, or A-FL agents respectively. However, when it is hard for an agent
to sell his goods, especially when supply is 25 and demand is 15, it can be seen
from the two curves in the middle of Figures 6.1(b), 6.1(c), and 6.1(d) that the
profit of ZIP, GD, and CP sellesr is better than that of ZIPSoft , GDSoft and CPSoft

sellers when the value of T S
max thinking time is smaller than or equal to 1000 time

units. From the two curves in the middle of Figures 6.2(a), 6.2(b), 6.2(c), and
6.2(d), the profit of ZI-C, ZIP, GD, and CP sellers is better than that of ZI-CSoft ,
ZIPSoft , GDSoft and CPSoft sellers when the value of T S

max thinking time is small
and especially when supply is 25 and demand is 15. Similar phenomena can be
observed in Figures 6.3 and 6.4.

6.3.2 Illusory Seller’s or Buyer’s Market

We list the transaction rate of ZI-C, ZIP, GD, CP, and A-FL sellers when the
value of T S

max thinking time is smaller than or equal to 1000 time units and buyers
are all ZI-C buyers (shown in Figures 6.1(a), 6.1(b), 6.1(c), 6.1(d), and 6.1(e))
in Figure 6.5. As an example, ZI-C sellers have successfully traded 4521 units
of goods in 1000 runs of CDAs when supply is 25, demand is 10; the maxi-
mum amount of units of goods desired by ZI-C sellers to trade in 1000 runs is
5×1000=5000; the value of T S

max thinking time is 200. Therefore the transaction
rate is about 4521/5000=0.9042, which is shown by the left-most column in Fig-
ure 6.5(a). It can be seen from Figures 6.5(a), 6.5(b), and 6.5(c) that when supply
is 25 and demand is 10, 15, and 20, these agents can sell about 70%, 90%, and
100% of their goods respectively. However, in such supply and demand relation-

1A time unit represents the smallest thinking unit for all the agents in the experiment.
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Figure 6.1: The figures in the upper part are XSoft sellers and X sellers with all
ZI-C buyers when supply is larger than demand. The figures in the bottom part
are XSoft sellers and X sellers with all ZI-C buyers when supply is smaller than
or equal to demand.
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Figure 6.2: The figures in the upper part are XSoft sellers and X sellers with
random combination of 5 kinds of buyers when supply is larger than demand. The
figures in the bottom part are XSoft sellers and X sellers with random combination
of 5 kinds of buyers when supply is smaller than or equal to demand.
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Figure 6.3: The figures in the upper part are XSoft buyers and X buyers with all
ZI-C sellers when demand is larger than supply. The figures in the bottom part
are XSoft buyers and X buyers with all ZI-C sellers when demand is smaller than
or equal to supply.
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Figure 6.4: The figures in the upper part are XSoft buyers and X buyers with a
random combination of five kinds of sellers when demand is larger than supply.
The figures in the bottom part are XSoft buyers and X buyers with a random
combination of five kinds of sellers when demand is smaller than or equal to
supply.
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ships, it should have been very difficult for an agent to sell most of his goods
because in each run, 25 sellers compete for at most 10 or 15 or 20 transactions and
the average transaction rate should be about 40%, 60%, and 80%. Similar results
can be observed in Figure 6.6 where buyers are random combinations of various
buyer agents. There is one explanation for this phenomenon as follows. When the
thinking time of the X agent is generated from the range [1, 200], [1, 400], [1, 600],
[1, 800], or [1, 1000] while all the other agents’ thinking time is generated from the
range [1, 2000], the X agent can gain many more submission opportunities than
the other agents, which results in a large transaction amount for the agent even
when supply is larger than demand. X can be ZI-C, ZIP, GD, CP, and A-FL.
We call this phenomenon for sellers “illusory seller’s market” which occurs when
supply is larger than demand whilst a seller can sell most of his goods. When
we explore the transaction rate of buyers, we can detect the same situation when
demand is 25 and supply is 10, 15, and 20, which is called “illusory buyer’s mar-
ket”. “illusory seller’s market” and “illusory buyer’s market” together are called
“illusory seller’s or buyer’s market” in this book.

We have so far discussed two kinds of easy selling in CDA markets. One is
the illusory seller’s market which happens when supply is larger than demand;
another is easy selling, which occurs when supply is smaller than or equal to
demand. So there arises one question: can these two kinds of easy selling be coped
with in the same way? Based on the motivation of time strategies in Section 6.2,
when it is easy for one agent to trade all his goods, he should wait some time
before getting involved in the trading process of each round. This is reasonable for
easy selling because when the seller waits under easy selling, although he will lose
some submission opportunities, he will not lose transaction opportunities and his
profit will not decrease since there are still enough transaction opportunities left
for him. However, under the illusory seller’s market when supply is larger than
demand, the seller should not wait. The reason is that if the seller waits under
the illusory seller’s market, he will also lose some submission opportunities which
will lead to fewer transactions and finally decrease the profit because there are
not many transaction opportunities left for him in such a competitive market.
For the illusory buyer’s market, it is not the same as easy buying for the same
reason. Therefore, in the following we propose circumstance-dependent softness as
a strategy to handle the illusory seller’s or buyer’s market.

6.4 Circumstance-Dependent Softness

In the illusory seller’s market situation, X sellers have already gained a large
transaction amount, shown in Figure 6.5. When X sellers are replaced by XSoft

sellers who can make only slight compromises in this case, the profit sacrificed
by making a compromise in each transaction cannot be reimbursed by a limited
increase of the transaction amount. Therefore the total profit of XSoft sellers may
be less than or similar to the profit of X sellers because the margin left for an
increase of the transaction amount is very limited.
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(a) X sellers when supply is 25 and demand is 10
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(b) X sellers when supply is 25 and demand is 15
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(c) X sellers when supply is 25 and demand is 20

Figure 6.5: The Y axis shows the value of the rate which is computed by the
transaction amount of X sellers divided by 5000 with all ZI-C buyers when supply
is larger than demand. The X axis is the value of T S

max thinking time from 200 to
1000. In each group, from the left most column to the right-most column shows
the rate of ZI-C, ZIP, CP, GD, and A-FL.
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(b) X sellers when supply is 25 and demand is 15
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(c) X sellers when supply is 25 and demand is 20

Figure 6.6: The Y axis shows the value of the rate which is computed by the trans-
action amount of X sellers divided by 5000 with a random combination of buyers
when supply is larger than demand. The X axis is the value of T S

max thinking time

from 200 to 1000. In each group, from the left-most column to the right-most
column shows the rate of ZI-C, ZIP, CP, GD, and A-FL.
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To compensate for this shortage, the agents should increase their asks a
little bit instead of decrease their asks very slightly when detecting an illusory
seller’s market, which introduces a negative value of δs and called “circumstance-
dependent negative softness”.

To incorporate circumstance-dependent negative softness, we extend soft ask
and soft bid in Chapter 4 to define circumstance-dependent soft ask and soft bid
as follows:

Definition 6.4.1. For a seller, a circumstance-dependent soft ask is a tuple (a, δs)
such that

• if ob > a − δs then the seller accepts ob;

• otherwise, the seller submits a as his ask;

• δs can be a negative value, a positive value, or zero.

Definition 6.4.2. For a buyer, a circumstance-dependent soft bid is a tuple (b, δb)
such that

• if oa < b + δb then the buyer accepts oa;

• otherwise, the buyer submits b as his bid;

• δb can be a negative value, a positive value, or zero.

We denote any strategy X integrating circumstance-dependent soft ask or
bid as XCDS . For agents using the previous XSoft strategy, the asks or bids they
submit are “softened” by adding a range to make a compromise. However, agents
using XCDS strategy will submit two kinds of asks or bids. Sometimes, they will
submit “softened” asks or bids, similar to XSoft agents. At other times, they will
submit “hardened” asks or bids, which increases their profit, instead of making
compromises.

Algorithms are designed for agents to adopt circumstance-dependent soft asks
or bids. The codes from Line 4 to Line 5 in Figure 6.7 detect whether the current
market environment is an illusory seller’s market for the seller agent. If it is, δs

is a small negative value. The seller agent should judge whether the current ob is
large enough. If it is large, then the seller will accept the ob directly. Otherwise,
he will submit a as his ask. If the market is not an illusory seller’s market, he will
submit his ask by using strategy XSoft (introduced in Section 4.5.2). Similarly,
the codes from Line 4 to Line 5 in Figure 6.8 first judge whether it is an illusory
buyer’s market for the buyer agent and then take corresponding actions.

We substitute XSoft with XCDS and redo the experiments in Section 6.3.
The results for XCDS sellers and X sellers with all ZI-C buyers are shown in
Figure 6.9. The results for sellers with random combinations of different buyers
are shown in Figure 6.10. It can be observed in both figures that the profit of
ZI-CCDS , ZIPCDS , GDCDS and CPCDS sellers is obviously enhanced for different
supply and demand relationships, especially when the value of T S

max thinking time is
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1: calculate Feager ;
2: askamount represents the amount of asks of all sellers from the past 10 runs to

the current run;
3: bidamount represents the amount of bids of all buyers from the past 10 runs to

the current run;
4: if (Feager is close to 1.0) and (askamount is larger than bidamount ) then
5: δs is a negative value;
6: computes a using strategy X ;
7: if ob > a − δs then
8: the seller accepts ob;
9: else

10: the seller submits a as his ask;
11: end if
12: else
13: submits his ask by using strategy XSoft ;
14: end if

Figure 6.7: The pseudo code of incorporating circumstance-dependent negative
softness to sellers using strategy X .

1: calculate Feager ;
2: askamount represents the amount of asks of all sellers from the past 10 runs to

the current run;
3: bidamount represents the amount of bids of all buyers from the past 10 runs to

the current run;
4: if (Feager is close to 1.0) and (bidamount is larger than askamount ) then
5: δb is a negative value;
6: computes b using strategy X ;
7: if oa < b + δb then
8: the buyer accepts oa;
9: else

10: the buyer submits b as his bid;
11: end if
12: else
13: submits his bid by using strategy XSoft ;
14: end if

Figure 6.8: The pseudo code of incorporating circumstance-dependent negative
softness to buyers using strategy X .
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between 200 and 1000 and supply is larger than demand. For these four different
kinds of seller agents, when supply is 25 and demand is 20, the profit of XCDS

agents is enhanced more obviously than the profit achieved when supply is 25
and demand is 15 or 10. The reason is that when supply is 25 and demand is 20,
illusory seller’s market occurs more often, which causes the XCDS seller to adopt
circumstance-dependent negative softness and, in the end, improves the profit.

From Figures 6.11 and 6.12, it can be seen that an illusory buyer’s market
occurs and the performance of XCDS buyers is greatly enhanced under various
supply and demand relationships by integrating circumstance-dependent softness
in general.

However, for A-FLCDS agents, the profit is still similar to that of A-FL agents
when supply is larger than demand, shown in Figures 6.9, 6.10, 6.11, and 6.12,
just like A-FLSoft agents and A-FL agents. The reason for this phenomenon is that
A-FL sellers can compute their asks adaptively and keep a satisfied transaction
frequency by adjusting risk attitude. This can be observed from Figures 6.13 and
6.14, no matter that buyers are all ZI-C buyers or a random combination of various
buyers. Based on the experimental data in Figure 6.9, when supply is 25 and
demand is 10, 15, or 20, the ratio of the transaction amount of A-FL sellers divided
by that of A-FLCDS sellers is always about 1.0. However, for CP, GD, ZI-C, or
ZIP sellers, this ratio is not stable to 1.0. One explanation for this difference is as
follows. When circumstance-dependent softness is integrated to the A-FL agent,
he will adjust the values of asks computed to counteract the effect of circumstance-
dependent softness such that he can keep a similar transaction frequency compared
with not integrating circumstance-dependent softness. With a similar transaction
frequency and transaction amount, the profit in the end is similar. This is also
true for A-FLCDS sellers in Figure 6.10 and A-FLCDS buyers in Figures 6.11 and
6.12.

6.5 Effect of Different Submission Time

On the basis of the experimental results in Section 6.4, XCDS agents are illustrated
to behave better than XSoft agents and X agents. Therefore, we choose XCDS

agents as target agents in CDA markets with a fixed deadline. The questions
whether the adoption of time strategies can enhance the profit of an agent using
circumstance-dependent soft asks and bids, and what kind of submission time
should be adopted under different market situations, can be answered according
to the experimental results in the previous sections.

The solid curves in Figure 6.9(a) show the profit of ZI-CCDS sellers when the
supply is 25 while the demand is 10, 15, and 20 from bottom to top. Since T S

s,i

represents the thinking time that an agent allows to elapse before submitting an
ask and is a random value drawn from a range, denoted as [1, T S

max thinking time ], we
focus on finding the optimal range [1, T S

max thinking time ]. There are many ranges to
be explored, such as [1, 200], [1, 400], [1, 600], [1, 800], [1, 1000], [1, 1200], [1, 1400],
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Figure 6.9: The figures in the upper part are XCDS sellers and X sellers with all
ZI-C buyers when supply is larger than demand. The figures in the bottom part
are XCDS sellers and X sellers with all ZI-C buyers when supply is smaller than
or equal to demand.
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Figure 6.10: The figures in the upper part are XCDS sellers and X sellers with
a random combination of different buyers when supply is larger than demand.
The figures in the bottom part are XCDS sellers and X sellers with a random
combination of different buyers when supply is smaller than or equal to demand.
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Figure 6.11: The figures in the upper part are XCDS buyers and X buyers with
all ZI-C sellers when demand is larger than supply. The figures in the bottom part
are XCDS buyers and X buyers with all ZI-C sellers when demand is smaller than
or equal to supply.
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Figure 6.12: The figures in the upper part are XCDS buyers and X buyers with
a random combination of different sellers when demand is larger than supply.
The figures in the bottom part are XCDS buyers and X buyers with a random
combination of different sellers when demand is smaller than or equal to supply.
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Figure 6.13: The Y axis shows the value of the ratio which is computed by the
transaction amount of X sellers divided by the transaction amount of XCDS sellers
with all ZI-C buyers when supply is larger than demand. In each group for any
kind of agents, from the left-most column to the right-most column shows the
ratio when the thinking time is generated from [1, 200], [1, 400], [1, 600], [1, 800],
and [1, 1000]. Here X can be ZI-C, ZIP, CP, GD, or A-FL.
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Figure 6.14: The Y axis shows the value of the ratio which is computed by the
transaction amount of X sellers divided by the transaction amount of XCDS sellers
with random combination of buyers when supply is larger than demand. In each
group for any kind of agents, from the left-most column to the right-most column
shows the ratio when the thinking time is generated from [1, 200], [1, 400], [1, 600],
[1, 800], and [1, 1000]. Here X can be ZI-C, ZIP, CP, GD, or A-FL.
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[1, 1600], [1, 1800], [1, 2000], [1, 2200], [1, 2400], [1, 2600], [1, 2800], and [1, 3000],
considering that the range adopted by all the other agents in the market is [1, 2000].
Because all the values of T S

s,i are generated by the same method, the average
thinking time generated from the range [1, 2800] should be higher than the average
thinking time produced from the range [1, 2000]. The buyers can be all ZI-C buyers
or a random mixture of different buyers. It can be observed that the trend of the
solid curves in Figures 6.9(b), 6.9(d), 6.9(c), and 6.9(e) are similar to the solid
curve in Figure 6.9(a). A similar trend can also be found in the upper part of
Figures 6.10, 6.11, and 6.12.

It can be seen from the solid curves in the upper part of Figures 6.9, 6.10,
6.11, and 6.12 that if the value of T S

max thinking time is higher than 2000, the profit
of the agent is smaller than that of an agent with the range of [1, 2000]; otherwise,
if T S

max thinking time is lower than 2000, the profit of the agent is increased gradually
with the decrease of T S

max thinking time and better than the profit of an agent with
the range of [1, 2000], until the maximal profit is achieved; if the agent continues to
decrease T S

max thinking time from the maximal point to 200, the profit may become
smaller and smaller and in some cases worse than the profit of an agent with the
range of [1, 2000].

When the value of T S
max thinking time is higher than 2000, the average thinking

time generated from [1, T S
max thinking time ] is larger than the average thinking time

from [1, 2000]. Therefore, the agent with the former range cannot get as many
opportunities to submit his asks or bids as that of an agent using the latter range,
which as a result reduces the profit. When the value of T S

max thinking time is smaller
than 2000, the agent can get his profit enhanced because of more submissions.
In particular, when the value of T S

max thinking time is very small, the agent will
adopt circumstance-dependent negative softness to handle the special market sit-
uation, illusory seller’s or buyer’s market, and the profit will be greatly increased
in general.

Figure 6.9(f) shows the profit of ZI-CCDS sellers with different values of T L
s,i

when it is easy for a seller to sell his goods. The value of T L
s,i is from 0 to 19000,

considering the fixed deadline to end one round is 20000. The supply is 25 and the
demand is 25, 35, 45, 55, 65, and 75. Similar curves can be observed when ZI-CCDS

sellers are substituted with ZIPCDS , GDCDS , CPCDS , and A-FLCDS sellers; and
when the buyers are all ZI-C buyers or a random combination of different buyers
shown in the bottom part of Figures 6.9 and 6.10. If the agent just waits 500 time
units, the profit can be enhanced a lot compared with the profit gained when T L

s,i

is equal to 0. Then the profit continues to increase with the increase of T L
s,i. The

maximal profit occurs when T L
s,i is around 15000. After the maximal value, the

profit will decrease step by step with the increase of T L
s,i. A similar trend of buyers

can be seen in the bottom part in Figures 6.11 and 6.12.
A good performance occurs when the value of T L

s,i is between 500 and 19000,
which is due to the waiting behaviour brought by the time strategy. This kind of
waiting has two functions helpful for profit increase. On the one hand, it lets the
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outstanding bid increase (outstanding ask decrease) and become more profitable
for sellers (buyers). On the other hand, impatient sellers (buyers) can take those
transactions achieved before the time T L

s,i, where the outstanding bid (outstanding
ask) cannot have enough chances to be updated.

Besides the trends seen from XCDS agents in Figures 6.9, 6.10, 6.11, and
6.12, similar trends can be observed if we have a look at XSoft agents in Figures
6.1, 6.2, 6.3, and 6.4 and X agents in Figures 6.1, 6.2, 6.3, 6.4, 6.9, 6.10, 6.11, and
6.12.

All the above phenomena confirm our conjecture in Section 6.2.2 and tell
the agent that if it is easy for him to trade all his goods, he should wait some
time before submitting his asks or bids to the market, and the profit can be
significantly enhanced compared with not waiting at all; if the agent waits until
close to the fixed deadline of ending one round, the profit will decrease and may
be worse than the profit without waiting. On the contrary, when it is difficult
for the agent to trade his goods, he should shorten his thinking time if possible
in order to improve the profit. In particular, if he submits his asks or bids very
quickly, which may cause the illusory seller’s or buyer’s market situation, he needs
to adopt circumstance-dependent negative softness; if he takes too long a time to
think, he should try to expedite his action, which will be sure to benefit him. If
it is impossible for some slow agent to act quickly, then this agent should submit
his asks, once determined, as soon as it becomes possible.

6.6 Adaptive Mechanisms for Sellers and Buyers to

Utilize Time Strategies

In practical CDA markets, an agent does not know the current supply and demand
relationship, others’ reservation prices, others’ threshold values, etc. Therefore, the
principles of an adaptive mechanism that adjusts the value of submission times in
the time strategies are provided on the basis of eagerness in Section 4.5.1 and the
rules presented in Section 6.5.

The adaptive mechanism for sellers based on these principles is given in
Figure 6.15. The seller first computes the current eagerness and initializes T L

s,i and
T S
max thinking time . If the current market is an illusory seller’s market, the agent

will adopt the circumstance-dependent negative softness, shown from line 8 to
15. Otherwise, if it is easy for him to sell most of his goods, he will adjust T L

s,i

accordingly when the profit is in the direction of increase or decrease, shown from
line 17 to line 24; if it is hard for him to sell, he will adjust T S

max thinking time in
a parallel way shown from line 25 to line 35. The pseudo code of the adaptive
mechanism for buyers using strategy X in Figure 6.16 is similar to that for sellers.

Within the pseudo code, a fuzzy set Feager is close to 1.0 is employed, which
represents the distance from the current value of Feager to 1.0. λ and α are de-
termined considering a fixed deadline. θ and β should be decided considering the
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1: calculate Feager ; T L
s,i = α; T S

max thinking time = β;

2: askamount represents the amount of asks of all the seller from the past 10 runs to the current
run;

3: bidamount represents the amount of bids of all the buyers from the past 10 runs to the
current run;

4: Tcur represents the current time of the round;
5: Tlast represents the time of the last submission of (soft) asks by seller i in the round;
6: P2 represents the profit of seller i from the past 2m runs to the past m runs;
7: P1 represents the profit of seller i from the past m runs to the current run;
8: if (Feager is close to 1.0) and (askamount is larger than bidamount) then
9: δs is a small negative value;

10: computes a using strategy X;
11: if ob > a − δs then
12: the seller accepts ob;
13: else
14: the seller submits a as his ask;
15: end if
16: else
17: if Feager is close to 1.0 then
18: if P1 < P2 then
19: λ = −λ;
20: end if
21: T L

s,i = T L
s,i + λ;

22: if Tcur ≥ T L
s,i then

23: submits his ask by using strategy XSoft ;
24: end if
25: else
26: if P1 < P2 then
27: θ = −θ;
28: end if
29: T S

max thinking time = T S
max thinking time + θ;

30: generate T S
s,i from [1, T S

max thinking time ];

31: if (Tcur − Tlast ) == T S
s,i then

32: Tlast = Tcur;
33: submits his ask by using strategy XSoft ;
34: end if
35: end if
36: end if

Figure 6.15: The pseudo code of the adaptive mechanism for sellers using strategy
X .
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1: calculate Feager ; T L
b,j = α; T S

max thinking time = β;

2: askamount represents the amount of asks of all sellers from the past 10 runs to the current
run;

3: bidamount represents the amount of bids of all buyers from the past 10 runs to the current
run;

4: Tcur represents the current time of the round;
5: Tlast represents the time of the last submission of (soft) bids by buyer j in the round;
6: P2 represents the profit of buyer j from the past 2m runs to the past m runs;
7: P1 represents the profit of buyer j from the past m runs to the current run;
8: if (Feager is close to 1.0) and (bidamount is larger than askamount) then
9: δb is a small negative value;

10: computes b using strategy X;
11: if oa < b + δb then
12: the buyer accepts oa;
13: else
14: the buyer submits b as his bid;
15: end if
16: else
17: if Feager is close to 1.0 then
18: if P1 < P2 then
19: λ = −λ;
20: end if
21: T L

b,j = T L
b,j + λ;

22: if Tcur ≥ T L
b,j then

23: submits his bid by using strategy XSoft ;
24: end if
25: else
26: if P1 < P2 then
27: θ = −θ;
28: end if
29: T S

max thinking time = T S
max thinking time + θ;

30: generate T S
b,j from [1, T S

max thinking time ];

31: if (Tcur − Tlast ) == T S
b,j then

32: Tlast = Tcur;
33: submits his bid by using strategy XSoft ;
34: end if
35: end if
36: end if

Figure 6.16: The pseudo code of the adaptive mechanism for buyers using strategy
X .
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average thinking time of all agents. If the values of α and β are too large or small,
the agent will need more time to find a suitable value. If the values of λ and θ are
too large, the agent may barely maintain a suitable value. If the values of λ and
θ are too small, more time is needed to find the optimal value. m is the number
of runs required to record the profit. If the value of m is too large, the agent will
adjust his behaviour very slowly and not be sensitive to the market changing.

6.7 Experimental Evaluation of Adaptive Mechanisms

To evaluate the performance of agents employing adaptive mechanisms, we design
two sets of experiments for sellers and buyers respectively. In each set of experi-
ments, the profit gained by XCDS agents is compared with the profit gained by
XCDS agents incorporating adaptive mechanism, denoted as XCDS ,Time . X can
be ZI-C, ZIP, GD, CP, and A-FL, which are the most widely cited strategies for
agent-based CDAs in the literature.

6.7.1 Experimental Setup

In each run, a seller is endowed with a number of units of goods, reservation prices
of which are independently drawn from a uniform distribution within [1.1, 1.3].
Similarly, the reservation prices for the units of goods needed by a buyer are
independently drawn from [3.1, 3.3]. The thinking time that an agent allows to
elapse before submitting an ask or a bid is specified as randomly distributed values
within the range [1, 2000]. The fixed deadline to terminate a round is 20000 time
units. In order to measure how well an agent performs in a CDA, we evaluate his
performance by the profit he gains. For a seller i, the total profit on all s units
sold in a run is

∑s
k=1(P

(i)
k − C

(i)
k ) where P

(i)
k is the transaction price and C

(i)
k is

the reservation price of the unit of goods. Similarly for a buyer j, the total profit
on all t units bought in a run is

∑t
k=1(R

(j)
k − P

(j)
k ) where R

(j)
k is the reservation

price. An agent’s profit is calculated as the sum of the total profits in 1,000 runs.
The threshold for the fuzzy set is 0.9 in the experiments since the range of

Feager is from 0.0 to 1.0. λ is set to 100 and α is 15000 because the fixed deadline
to end one round is 20000. θ is set to 20 and β is 1000, considering the average
thinking time is 1000 in the market. m is set to be 10 runs since the units of goods
traded in each run by each agent are about 5 units.

In each experiment for sellers, the number of units of goods desired to be sold
by XCDS sellers and XCDS ,Time sellers are 5 units. All other sellers are randomly
selected from a pool. In the pool, different kinds of sellers are put together and the
number of units of goods for each kind is set as 10. At the beginning of each run,
15 units are randomly selected from the pool. Hence, the combination of sellers
changes from time to time. The supply is always 25. The demand is altered from
10, 15, 20, 25, 35, 45, to 55 every 1000 runs.
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For the set of experiments for sellers, two groups of experiments are carried
out. In the first group of experiments, all the buyers are ZI-C buyers,2 which
simulates a simple CDA market. In the second group of experiments, a combination
of different buyers is randomly selected from a pool of 5 kinds of buyers. Therefore,
the combination of buyers is also dynamically changing. Compared with the first
group, the second group resembles more of a real CDA market by allowing different
kinds of buyers and sellers freely to join and leave at the beginning of each run.
The experimental setup for buyers is similar to that for sellers.

6.7.2 Experimental Results for Sellers

Figures 6.17(a), 6.17(b), 6.17(c), 6.17(d), and 6.17(e) show the experimental results
for XCDS ,Time sellers with all ZI-C buyers. Figures 6.17(f), 6.17(g), 6.17(h), 6.17(i),
and 6.17(j) show the results for XCDS ,Time sellers with different buyers.

It can be observed in Figure 6.17 that the profit gained by agents using
XCDS,Time is significantly better than that of agents using XCDS when supply is
smaller than demand, equal to demand, or larger than demand. The reasons are
as follows. When supply is smaller than or equal to demand, it is easy for sellers
to trade; a XCDS ,Time seller will adaptively adjust the value of T L

s,i; consequently
the profit can be greatly enhanced compared with a XCDS seller who does not
utilize the time strategy to adjust his behaviour with the time. On the contrary,
when supply is larger than demand, it is difficult for sellers to trade. A XCDS,Time

seller will adjust the value of T S
s,i instead of T L

s,i; as a result a XCDS,Time seller
grabs more submission chances than a XCDS seller and gains more profit.

Another phenomenon observed from Figure 6.17 is that when supply is 25
and demand is 20 or 25, the profit curve of XCDS ,Time sellers is close to the curve
of XCDS sellers. The reason is that under these situations, the value of eagerness
oscillates from 0.8 to 1.0, which reflects the real-time market fluctuation within
a short time period, e.g. two consecutive runs. Because the threshold of close to
is 0.9, the XCDS ,Time seller will switch between adjusting T L

b,j and adjusting T S
b,j ,

which turns out to decrease the profit in some degree. If the exact supply and
demand relationship can be known in advance, the result will be enhanced for this
case.

In addition, it can be seen that the layout of two curves in different figures is
not the same. For example, in Figures 6.17(a), 6.17(d), and 6.17(e), the thick curve
is obviously further away from the slim curve. In Figures 6.17(b) and 6.17(c), these
two curves are close to each other, compared with the curves in Figures 6.17(a),
6.17(d), and 6.17(e). This is understandable because in our experiments, we test
the performance of five different bidding strategies, which determines the different
performance. When all these various bidding strategies show the same trend of
performance after incorporating the adaptive mechanism to adjust submission time
in the time strategies, the robustness of the adaptive mechanisms is demonstrated.

2In [53], they also use ZI-C strategy as the benchmark strategy, which is the fair and simplest
benchmark strategy.
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Figure 6.17: The figures in the upper part are XCDS,Time sellers and XCDS sell-
ers with all ZI-C buyers. The figures in the bottom part are XCDS ,Time sellers
and XCDS sellers with different buyers. Xc represents XCDS and Xct represents
XCDS,Time .
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6.7.3 Experimental Results for Buyers

The experimental results for XCDS ,Time buyers are shown in Figures 6.18(a),
6.18(b), 6.18(c), 6.18(d), and 6.18(e) when sellers are all ZI-C sellers. The re-
sults with different kinds of sellers are given in Figures 6.18(f), 6.18(g), 6.18(h),
6.18(i), and 6.18(j). All the results for buyers demonstrate the same phenomena
as sellers.

6.7.4 Discussion

There are several reasons for the good performance of XCDS,Time agents.

• An adaptive mechanism enables an agent to learn the current supply and
demand situation from the agent’s own point of view. The core is eagerness
which is demonstrated to be a reliable guidance for the agent.

• The agent with an adaptive mechanism can learn to adjust the submission
time step by step under different market situations. When it is difficult for
the agent to trade his goods, he should choose T L

s,i and adjust the value of
T L

s,i gradually. Otherwise, he should choose T S
s,i to begin the adjustment in a

dynamic way.

• When T L
s,i (T S

s,i) is selected to be adjusted, several rules are employed, which
tells the agent whether he should increase the value of T L

s,i (T S
s,i) or decrease

the value according to his record of profit. Through this adaptive adjustment,
the agent can always find a more suitable value of T L

s,i (T S
s,i) for the current

market.

In [71] by Ma and Leung, XSoft agents are employed to illustrate the time
effect in CDAs with a fixed deadline. Similar trends of time strategies are observed
and similar adaptive mechanisms are designed to demonstrate that XSoft agents
adopting the similar adaptive mechanisms behave remarkably better then XSoft

agents without it. This work also contributes to the robustness of the adaptive
mechanisms no matter whether we use XSoft agent or XCDS agent in this chapter.

Our approach is mainly experimental with laboratorial experiments. In [94]
[84] [24], Roth et al. took a different approach and demonstrated from field data in
eBay and Amazon online auctions in real life that late bidding is not only rational
but also beneficial for traders in eBay second-price auctions which are terminated
by a fixed deadline. Their consequences are the same as ours in that late sub-
mission of bidding can do good for the traders. Moreover, their work confirms
the motivation of late submission of our work based on real-life data in eBay and
Amazon. Our work provides the whole trend of the effect of different submission
times to the trader agent when it is easy for him to trade his goods. In addition,
our work supports the contention that, when it is difficult for the agent to trade,
the agent should try to shorten his thinking time if possible with the dynamic
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Figure 6.18: The figures in the upper part are XCDS ,Time buyers and XCDS buy-
ers with all ZI-C sellers. The figures in the bottom part are XCDS ,Time buyers
and XCDS buyers with different sellers. Xc represents XCDS and Xct represents
XCDS,Time .
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market environment. Hence, our work tries to capture more characteristics of hu-
man traders in real life under various market situations and illustrates the trend
by experimental results in the lab.

6.8 Summary

Usually, any trading process in real life is associated with a deadline. Existing CDA
mechanisms in the literature do not consider a fixed deadline for terminating each
round. In this chapter, a CDA market with a fixed deadline is considered. Unlike
agents in other CDA markets, agents in the proposed CDA market are aware of
time. Naturally, they will spend the time to think and determine at which time to
submit their asks or bids. Time strategies are firstly defined to express the agent’s
feeling with time under various market situations. The rules are: when it is easy
for the agent to trade his goods, he should wait some time before getting involved
in the trading process; when it is difficult to trade, he should shorten his thinking
time if possible.

Based on eagerness and the rules explored above, an adaptive mechanism
is proposed to adjust time strategies within the unknown market, which can be
integrated by agents utilizing different bidding strategies in CDAs and submitting
circumstance-dependent soft asks and bids. Experimental results show that when
it is easy for the agent to trade all his goods, he should adopt a large value of
submission time and adjust the value with the market; otherwise he should adopt
a small value of submission time to begin. The performance of agents integrated
with an adaptive mechanism is demonstrated by the experiments to significantly
outperform agents without an adaptive mechanism.



Chapter 7

Discussion of the Results

Given the results from the previous chapters, one may want to know how these
results can be applied in real-life CDA markets. In order to answer this question,
we shall in this chapter highlight the differences between the real-life CDA markets
and the agent-oriented CDA markets researched in this book. We then provide an
overall discussion on the results observed from these agent-oriented CDA markets,
focusing on the scenarios where the results are applicable.

7.1 The Characteristics of Agent Oriented CDAs

In the basic CDA market described in Section 2.2.1, there are only a limited
number of sellers and buyers trading a limited amount of goods, which means
that the supply and the demand are limited. Consequently, if a seller increases his
ask, every other agent in the market can observe, and use it to help determine
his own ask or bid in the current round. If the seller can still make a transaction
after increasing his ask, this means that there are some buyers who are willing to
accept it. This transaction price will consequently affect other agents’ decisions in
the future rounds. Therefore, the behaviour of a seller or buyer can have observable
direct influence on the market situation. Besides, all the sellers and buyers in the
market are trading homogeneous goods. In each round of the CDAs, at most one
unit of the homogeneous goods is traded. We call a CDA market which has a
limited supply and demand and allows one unit of the homogeneous goods to be
traded in one round a small-scale CDA market .

The motivation to focus on such small-scale CDA markets is as follows. Gen-
erally speaking, CDA markets present some distinct advantages as the basis for
trading agent research, including low barriers to entry, consensus understanding of
market rules, and opportunity to build upon prior work, etc. In particular, small-
scale CDA markets have served as a basis for many studies of artificial trading
agents since they well model some real-life CDA markets, and they are challenging
and interesting. Unlike research on large-scale CDA markets, which can make use



116 Chapter 7. Discussion of the Results

of (real-life) past data for evaluation of newly proposed bidding strategies, most
research on small-scale CDA markets are done by experiments and simulations
in which every participating agent’s actions have an immediate effect on other
agents’ decision process and the market itself [102], [42], [22], [17], [21], [92], [41],
[108], [107], [53], [86], [116].

Real-life CDA markets come in various forms, each of which has distinct
characteristics. One form of the CDA variants used for real-world trading is the
persistent shout double auction [89]. Fastparts 1 is such a marketplace on the
Internet, which provides a persistent shout double auction for buying and selling
overstocked electronic components. In the Fastparts marketplace, after the highest
bid is matched with the lowest ask, they are deleted from the market and then
the remaining agents can continue trading until all agents have bought or sold all
they desire to buy or sell. Therefore multiple transactions can take place in one
round — which is not permitted in the small-scale CDA market.

Another example is the New York Stock Exchange (NYSE) which also uses
a form of persistent shout double auction. The NYSE rule states that the current
bid and ask persist, and any new bid or ask must improve on the existing one [88],
[43], [22]. The main characteristic of the CDAs adopted by NYSE is that there are
a huge number of buyers and sellers in this auction market. The behaviour of an
individual seller or buyer cannot change the trend of the market and cannot even
affect the behaviours of other sellers and buyers.2 Therefore when researchers carry
out research in the stock market, they can make the assumption that individual
behaviour will not change the performance of the whole stock market. Moreover, in
the stock market, there are plenty of various types of stocks for agents to choose at
any time and these various types of stocks can be looked on as heterogeneous goods
to be traded [119], [31]. All these are fundamentally different from the small-scale
CDA market focused on in this book.

Besides the above applications in real life, CDA markets have been involved
in the “travel agent” scenario of the Trading Agent Competition (TAC Classic)
[124]. The TAC travel-shopping market game presents a travel-shopping task,
where traders assemble flights, hotels, and entertainment tickets into itineraries
for a set of eight clients. Clients are described by their preferred arrival and depar-
ture days, the premium they are willing to pay to stay at a fine hotel, and their
respective values for three different types of entertainment events. The agents com-
peting in TAC are travel agents serving their clients, with the objective being to
maximize the value of trips for those clients. The three categories of goods, air
tickets, hotel stay, and entertainment tickets, are exchanged through distinct mar-
ket mechanisms. In the entertainment ticket market, CDAs are adopted. Agents
receive an initial random allocation of entertainment tickets. They then allocate
the tickets to their own clients or sell to other agents in the CDA markets. Several

1http://www.fastparts.com/.
2The only exception here might be if an individual seller or buyer has the overwhelming ability

to trade a huge amount of stocks such that the transaction price of the whole stock market is
influenced. However, this is not the usual case for most individual traders in the stock markets.
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trading agents have been developed to implement the strategies designed for this
CDA market [48], [49], [109], [59]. The adoption of the CDA mechanism in TAC
can be seen as an attempt at putting CDAs into application.

In recent years, electronic markets have come to represent an application
of information systems that has generated significant new trading opportunities
while allowing for the dynamic pricing of goods. Although CDAs have been the
principal trading format in U.S. financial institutions for over a hundred years
[1], they are rarely found in these online markets. In a nutshell, the eBay auction
protocol is a variant of ascending price auctions with a minimum bid increment
and a fixed closing time. Buyers interested in bidding within an auction must
specify the maximum amount that they are willing to bid [93]. For other online
auction websites, such as Yahoo!, Taobao, Google, etc., none of them chooses CDA
as an online market.

Hence we come to the conclusion that CDA is not a popular choice in real life.
There are many reasons for such a phenomenon. First of all, the CDA market rule
is more complicated compared with English auctions, Vickrey auctions, Dutch
auctions, etc. Second, CDA appears to be too complex a game to yield a clear
game-theoretic solution, especially for small-scale CDAs. It is hard to predict how
traders will behave in this kind of market given that there is no dominant strategy,
which stimulates the development of various types of bidding strategies. However,
this may prevent a market organizer from choosing CDA because the organizer
cannot precisely predict the behaviour of traders and the outcome of the market.
As a result, this has restricted the use of CDA markets in real life.

Nevertheless, CDA is a potential choice in reality since it allows human sellers
and buyers to bargain and compromise. In addition, CDA has been shown to be
a highly efficient protocol [41]. Generally speaking, CDA markets produce very
efficient allocations and prices [29], and the transaction prices often converge to
a competitive equilibrium price.3 We believe that all these advantages encourage
industries and researchers to consider and adopt various types of CDAs and put
them into use.

7.2 Scenarios in Which Results Can Be Applied

In the following, we briefly discuss some scenarios in which different strategies and
tools explored in this book are applicable.

Eagerness is the core of adaptivity for AA strategy and for the tools pro-
posed in this book in a dynamic and uncertain market environment. Given the
characteristics of small-scale CDA markets, each agent trading in this market will
be influenced by the behaviour of other agents and of himself as well. For example,
if an agent finds that he can still make a transaction after increasing his ask, this
means that some buyers are interested in his price and the demand for this good
is strong enough. Then the agent will become eager to increase his asks for more

3The competitive equilibrium price is determined by the intersection of the supply and demand
curves of the market [87].
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profit in future rounds. Otherwise, the agent will be eager for more transaction op-
portunities in return for more profit in the future, because he starts to feel that his
ask is not competitive and the demand for this good is not strong. This feeling will
continue to be developed and adjusted throughout a series of rounds. Restricted
by the incomplete information available from others and from the market protocol
described in Section 2.2.1, the agent is not assumed to know the exact supply
and demand in the market. However, the agent will form a feeling towards the
relationship of the supply and the demand according to the information available
to him through the trading process. Eagerness, defined in 3.1 and then refined in
Section 4.5.1, represents such a feeling and has been used to reflect the current
supply and demand relationship of dynamic market from the agent’s own point of
view. The value of eagerness is computed according to the agent’s trading record of
the short term and of the long term in a series of trading competitions. Eagerness
takes effect not only in small-scale CDA markets but also in other types of mar-
kets where a series of trading competitions occurs and the behaviour of individual
agents can influence one another. It has been shown that use of eagerness works
well in CDAs [73], [68], [70], [71] and in some repeated single-sided auctions,4 e.g.,
repeated English auctions as well [72].

AA strategy developed in Chapter 3 is formed on the basis of eagerness. In
order to adjust his trading behaviour with the dynamic market environment, an
agent using AA strategy makes use of eagerness as his summary impression of
the dynamic environment to determine his asks or bids. AA strategy computes
eagerness based on the trading record of the agent, and uses it, together with the
agent’s private information, such as the reservation price, to compute the value of
ask or bid to be submitted. With the use of eagerness, AA strategy will work well
in the markets where repeated trading competitions take place and each individual
agent’s behaviour can influence the whole market. In [67], [73], [72], AA strategy
has been demonstrated to perform well in dynamic small-scale CDA markets and
repeated English auctions.

For other strategies found in the literature, such as GD, ZIP, CP, A-FL, and
ZI-C, different strategies work efficiently in different scenarios. For example, ZI-C
strategy (described in Section 2.3.1) computes a random value as the ask or bid to
be submitted, based only on the reservation price and the acceptable price range
of the market. Therefore, it can easily be used, though generally not a good choice,
in a broad range of market scenarios, such as single-sided auctions, double-sided
auctions,5 auctions with a sequence of rounds, auctions in a single round, or other
types of auctions. ZI-C has been widely adopted as a benchmark in the literature
for the evaluation of the effectiveness of other strategies [22], [41], [53], [73], [4], [72].

4In single-sided auctions, there is a single seller and multiple buyers submitting their bids or a
single buyer and multiple sellers submitting their asks [130]. For example, English auction, first-
price sealed bid auction, second-price sealed bid auction, and Dutch auction belong to single-sided
auctions.

5In double-sided auctions, there are multiple sellers and multiple buyers to trade simultane-
ously from both sides [130]. CDA is the most common variety of double-sided auction.
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ZIP and CP strategies rely on information from the most recent round to compute
asks and bids. GD and A-FL strategies require the trading record not only in the
last round but in the previous several consecutive rounds. Hence, for any auction
market that consists of several rounds and which can directly or indirectly provide
the outstanding ask, and the outstanding bid, the transaction price, ZIP, CP,
GD, and A-FL strategies can work well and adapt through the trading process.
In previous work, all these strategies have been shown to perform well in CDAs
[42], [22], [41], [90], [53], [73]. Moreover, ZI-C, ZIP, CP, GD, and A-FL strategies
have been demonstrated to work well in repeated English auctions [72]; ZI-C, ZIP,
and GD strategies have been successfully applied in repeated first-price sealed-bid
auctions and repeated Vickrey auctions [4].

In addition to strategies, several tools have been introduced in Chapters 4, 5,
and 6. These tools can be adopted by agents in certain market scenarios. In Section
4.2, soft asks and soft bids are introduced. The idea is to enable the agent to make
compromises after his computation of asks or bids is finished, which simulates the
human trader’s desire to make compromises in real-life markets. First proposed
by He and Leung [52], this concept can be widely used in auction scenarios where
sellers/buyers can make compromises with buyers/sellers in return for more profit.
It has been shown that if the degree of softness is adjusted by eagerness, use of soft
asks and soft bids in ZI-C, ZIP, GD, A-FL, and CP can enhance the performance
of agents in dynamic CDA markets [68].

Another tool is judgement of price acceptability, defined in Section 5.2, which
means that an agent makes judgement on the asks and the bids such that he de-
clines poor offers and accepts profitable offers without hesitation. This can prevent
the agent from being trapped into poor transaction prices and losing profit, and
at the same time help the agent to grab profitable transaction prices to gain
more profit. Adaptive judgement of price acceptability is a strategy that agents
can adopt in a dynamic market environment where a series of trading competi-
tions takes place. This tool can be used to enhance the agent’s effectiveness in
both double-sided auction markets (CDA, etc.) and repeated single-sided auction
markets (English auction, Dutch auction, Vickrey auction, first-price sealed-bid
auctions, etc.). In [70], judgement of price acceptability has been shown to work
effectively in CDAs by improving the performance of agents adopting ZI-C, ZIP,
GD, A-FL, and CP.

Finally, adaptive time strategies are provided as a tool to be utilized by agents
in CDAs with a fixed deadline. In such markets, agents know the time and hence
know how far off the deadline is. Time strategies help an agent adjust his trading
behaviour according to time, as defined in Section 6.2. In short, the agent with
time strategies knows when he should submit his ask or bid to the market and
when he should wait on the market. Whether it is a single-sided auction market or
a double-sided auction market, the concept of time strategies is useful for agents.
As an example, in CDA markets, the rules for using adaptive time strategies are
explored, which is shown to greatly enhance the performance of agents using ZI-C,
ZIP, GD, A-FL, and CP strategies [71].



Chapter 8

Conclusions and Future Work

8.1 Conclusions

With the increasing automation of e-commerce, we believe that ever greater
amounts of trading will be conducted in online auctions by software agents. How-
ever, to make progress in this area, one of the key problems that needs to be
addressed is that of developing effective and efficient bidding strategies or enhanc-
ing existing strategies that agents can use to achieve their negotiation objective.
To this end, we develop novel strategies and general tools for continuous double
auctions.

In particular, we first developed a strategy that guides an agent’s buying
and selling behaviour in a series of CDAs. The strategy, named AA strategy, uses
heuristic rules and a reasoning mechanism based on two-level adaptive attitudes
and the α-ω method to decide what bids or asks to place and to accept. Eagerness is
defined based on the short-term attitude and the long-term attitude, which reflects
the real-time supply and demand relation from an agent’s point of view. The α-ω
method is integrated within the heuristic rules, which tells an agent if an ask or a
bid is profitable enough, then he should accept the ask or bid directly; otherwise
he should decline the ask or bid immediately. We benchmarked the performance
of AA strategy against six other prominent alternatives in the literature. The
experiments were composed of two groups, those to simulate static CDA markets,
and those to simulate dynamic CDA markets, both of which illustrates that AA
strategy is the best. These results also demonstrate the importance of eagerness
based on two-level adaptive attitudes and the α-ω method with heuristic rules.
This result is especially promising since the benchmark strategies we evaluated
against have been shown to outperform human bidders in experimental settings
[25].

Based on the success of our work in CDAs, we notice that there are two
kinds of behaviours contributing much to the good performance of agents. One is
softness, another is judgement of price acceptability.
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We introduced soft asks and soft bids for agents in CDAs. Experimental
results and analysis illustrate that, when agents can trade all their units of goods,
they should not adopt soft asks or bids. When agents cannot trade all their units
of goods, the adoption of soft asks or bids can benefit them. When the agent
finds it difficult to make a transaction, he should increase the degree of softness;
otherwise, he should decrease it. In order to guide agents to adopt soft asks or bids
in a dynamic CDA market, an adaptive mechanism to adjust the degree of softness
was presented. We reinforce eagerness in AA strategy by employing a fuzzy set
and fuzzy logic-based approach to compute the value of eagerness.

The judgement of price acceptability is introduced for sellers and buyers.
The effect of the judgement of price acceptability to different kinds of strategies
were investigated. Experimental results demonstrated that the adoption of the
judgement of price acceptability can enhance the performance of agents. When a
buyer experiences the change from easy trading of all his goods to difficult trading
of some goods, the thresholds of price acceptability will accordingly change from
below the average transaction price of the market to above the average transaction
price. For sellers, the result is similar. According to the results and eagerness, an
adaptive mechanism on the judgement of price acceptability is proposed to enable
agents to decide whether oa or ob is acceptable or not before the agents calculate
their asks or bids.

Experiments on agents utilizing ZI-C, ZIP, GD, A-FL, and CP with the
adaptive mechanism of adjusting softness and the judgement of price acceptability
have been carried out respectively. Compared with agents without that adaptive
mechanism, the performance of agents with the adaptive mechanism is remarkably
enhanced in various environments in general, where both the supply and demand
relationship and the combination of agents are changing.

All the above work focuses on continuous double auctions with a deadline of
inactive interval. However, in real-world trading, it is often essential to conclude
a transaction among agents under a fixed deadline. Time strategies of agents are
defined for buyers and sellers in CDAs with a fixed deadline, according to which
agents can arrange their behaviours. The effect of different time strategies on the
profit of agents submitting circumstance-dependent soft asks and bids was evalu-
ated experimentally. It is shown that when it is easy for the agent to trade most
of his goods, he should wait some time before getting involved in the trading
process; on the contrary, he should make a quicker decision before each time to
submit his bid; in particular, when an illusory seller’s or buyer’s market occurs,
circumstance-dependent negative softness should be adopted. An adaptive mech-
anism is designed to guide agents employing various bidding strategies to consider
the effect of time. Experimental results demonstrate that agents with the adaptive
mechanism perform better than agents without the adaptive mechanism.

Through the work in this book, AA strategy has been demonstrated to be
superior in a wide range of CDA scenarios. In addition, three kinds of adaptive
behaviours have been shown to greatly enhance the performance of the widely
adopted strategies in CDAs.
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In order to clarify how to put these results into practical use, the main
characteristics of the CDA market we have used in this book are discussed and
the differences between the CDA market in this book and those in reality are
emphasized. All the results obtained in this book are related to which market
scenarios they are suitable to be applied in.

8.2 Possible Future Research Directions

When taken together, these contributions make an important step towards im-
proving adaptivity of agents in CDAs. Despite these achievements, more work
can be conducted in the future. There are several promising directions for further
research based on this book:

• One interesting scenario is when agents are under time pressure to close a
deal. They must adjust their bidding strategy to take time into account.
Hence, market designers should consider how to incorporate time when de-
signing CDA markets, and agents should learn how to adjust their behaviours
with time in such a new market environment with a deadline [71]. There are
more interesting questions related to time strategies to be addressed. When
it is easy (or difficult) for the agent to trade, if all the agents utilize the same
time strategies, what will the performance of the agent be? Is the mechanism
still desirable and efficient? In addition, we are interested in investigating
more on time strategies in other types of auctions, e.g., combinatorial auc-
tions.

• For agents adopting circumstance-dependent soft asks or soft bids, it is shown
that when encountering an illusory seller’s or buyer’s market, circumstance-
dependent negative softness should be adopted. However, we only consider a
fixed circumstance-dependent negative softness in the current work. To uti-
lize circumstance-dependent negative softness more efficiently, we may delve
deeper into the relationships between the degree of circumstance-dependent
negative softness and various supply and demand relationships of the market.
Furthermore, we have demonstrated that circumstance-dependent negative
softness is useful in handling an illusory seller’s or buyer’s market. Encour-
aged by this success, we think circumstance-dependent negative softness can
be utilized in easy trading and rules can be explored as well.

• We assume that each agent wishes to trade exactly one unit of homogeneous
goods in one round. However, in reality, the intention to buy or sell goods
can arrive at any time, asynchronously, and sellers may desire to sell multiple
units of the goods while buyers may need to purchase more than one unit of
goods in each round. This requires the CDA market to support the trading of
possibly more than one unit of goods in one round. Further, in real markets,
people may aim to trade heterogeneous goods instead of homogeneous goods.
Such features are not captured in the current strategies for CDA markets.
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• Normally, bidding strategies which are designed for CDAs, such as GD, ZIP,
CP, A-FL, AA, ZI-C, etc., are seldom applied to other types of auctions,
especially single-sided auctions, due to the differences in information reve-
lation and allocation processes in these auction types. Bagnall and Toft [4]
have tried to revise GD and ZIP strategy to be used in FPSB and SPSB auc-
tions. They demonstrate that it is possible to utilize these adaptive strategies
originally designed for CDAs in single-sided auctions, e.g., repeated English
auctions [72], to improve the performance of the bidding agents.

• In this work, agents are assumed to play either the role of sellers or buyers all
the time in the CDA market. However, in real-life markets, agents may trade
as sellers in one market while buyers in another, or even the same market.
This is the key to making money from trading. For example, in the stock
market, one will buy some stocks and sell them later. It will be interesting if
agents can be designed to be able to do this.

• Eagerness has been widely utilized in this work. The aim of eagerness is to
guide an agent to behave adaptively according to the current market en-
vironment. To form eagerness, the continuous double auction needs to be
repeated for a certain period. The basic ideas of eagerness can be easily ex-
tended to other auction protocols, (e.g., multiple auctions, repeated Dutch
auctions, repeated English auctions, and repeated Vickrey auctions [106]),
because all these auctions are characterized by repeated auctions. Further-
more, there may exist alternative ways to express eagerness in such complex
and dynamic markets.

• The two kinds of adaptive behaviours, namely softness of asks or bids and
judgement of price acceptability, turn out to be a great success in dynamic
CDAs, which are full of uncertainties and fluctuation. Such uncertainties and
fluctuation can also be observed in other types of auctions, such as repeated
English auctions, combinatorial auctions, etc., in which softness of asks or
bids and judgement of price acceptability may also be adopted to enhance
agents’ performance. Some modifications may be needed because the bidding
behaviours in these auctions are probably different from those in CDAs.

• In our current work, the reservation prices are randomly generated from a
fixed range for various agents at the beginning of the CDA markets. Neverthe-
less, this is not always true in reality. It is well observed that the reservation
price for one unit of goods in a local market can change according to supply
and demand in a global market environment. For example, if you are the first
one to sell a new high-tech product in a local market and in the global market
as well, then your profit is usually quite high. However, if after one year, you
are still selling the same product in the local market while there are a lot of
others selling the same types of product (or, usually, better models) in other
markets, then your profit will drop. In view of the depreciation of goods over
time, we think it is more practical to consider the change of reservation prices
dynamically with the market situation.
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• In the experiments, we assume that the supply and the demand are not
changed abruptly, e.g., by breaking news, and prices are not affected by
external factors such as rumours or individual’s irrational behaviours (e.g.,
due to prejudice). In reality, however, supply, demand and bidders’ decisions
can sometimes suddenly change with circumstances. Agents must be able to
sense these changes, and deal with them.



Bibliography

[1] Agorics. http://www.agorics.com/Library/Auctions/auction6.html.

[2] S. Airiau, S. Sen, and G. Richard. Strategic bidding for multiple units
in simultaneous and sequential auctions. In Proceedings of the 36th An-
nual Hawaii International Conference on System Sciences, Washington, DC,
USA, 2003. IEEE Computer Society.

[3] R. Axelrod. The Evolution of Cooperation. New York: Basic Books, 1984.

[4] A. Bagnall and I. Toft. Autonomous adaptive agents for single seller sealed
bid auctions. Autonomous Agents and Multi-Agent Systems, 12(3):259–292,
2006.

[5] R. Bapna, P. Goes, and A. Gupta. Insights and analysis of online auctions.
Communications of the ACM, 44(11):42–50, 2001.

[6] C. Beam and A. Segev. Automated negotiation: A survey of the state of the
art. CITM Working Paper 96-WP-1022, 1996.

[7] K. Binmore. Fun and games: a text on game theory. D. C. Heath, 1992.

[8] A. Birk. Boosting cooperation by evolving trust. Applied Artificial Intelli-
gence, 14(8):769–784, 2000.

[9] A. Byde, C. Preist, and N. R. Jennings. Decision procedures for multiple
auctions. In Proceedings of the 1st International Joint Conference on Au-
tonomous Agents and Multiagent Systems, pages 613–620, New York, NY,
USA, 2002. ACM.

[10] D. Cao and L. Xu. A negotiation model of incomplete information under
time constraints. In Proceedings of the 1st International Joint Conference
on Autonomous Agents and Multiagent Systems, pages 128–134, New York,
NY, USA, 2002. ACM.

[11] M. Cary, A. Das, B. Edelman, I. Giotis, K. Heimerl, A. R. Karlin, C. Math-
ieu, and M. Schwarz. Greedy bidding strategies for keyword auctions. In
Proceedings of the 8th ACM Conference on Electronic Commerce, pages 262–
271, New York, NY, USA, 2007. ACM.



128 Bibliography

[12] C. Castelfranchi and R. Falcone. Trust and control: A dialectic link. Applied
Artificial Intelligence, 14(8):799–823, 2000.

[13] D. Catalano and R. Gennaro. New efficient and secure protocols for verifiable
signature sharing and other applications. Journal of Computer and System
Sciences, 61(1):51–80, 2000.

[14] K. Chakravarti, E. Greenleaf, A. Sinha, A. Cheema, J. C. Cox, D. Friedman,
T. H. Ho, R. M. Isaac, A. A. Mitchell, A. R., M. H. Rothkopf, J. Srivastava,
and R. Zwick. Auctions: Research opportunities in marketing. Marketing
Letters, 13(3):281–296, 2002.

[15] S. P. M. Choi and J. Liu. A dynamic mechanism for time-constrained trad-
ing. In Proceedings of the 5th International Conference on Autonomous
Agents, pages 568–575, New York, NY, USA, 2001. ACM.

[16] D. Cliff. Evolution of market mechanism through a continuous space of
auction-types. Technical Report HPL-2001-326, Bristol, UK, 2001.

[17] D. Cliff. Evolutionary optimization of parameter sets for adaptive software-
agent traders in continuous double auction markets. Technical Report HPL-
2001-99, Bristol, UK, 2001.

[18] D. Cliff. Evolution of market mechanism through a continuous space of
auction-types ii: Two-sided auction mechanisms evolve in response to market
shocks. Technical Report HPL-2002-128, Bristol, UK, 2002.

[19] D. Cliff. Evolution of market mechanism through a continuous space of
auction-types iii: Multiple market shocks give convergence toward cda. Tech-
nical Report HPL-2002-312, Bristol, UK, 2002.

[20] D. Cliff. Explorations in evolutionary design of online auction market mech-
anisms. Technical Report HPL-2003-80, Bristol, UK, 2003.

[21] D. Cliff. Zip60: an enhanced variant of the zip trading algorithm. In Proceed-
ings of 2006 IEEE Joint Conference on E-Commerce Technology and En-
terprise Computing, E-Commerce and E-Services, Washington, DC, USA,
June 2006. IEEE Computer Society.

[22] D. Cliff and J. Bruten. Minimal-intelligence agents for bargaining behaviors
in market-based environments. Technical Report HP–97–91, Bristol, UK,
Aug. 1997.

[23] P. Cramton, Y. Shoham, and R. Steinberg. Combinatorial Auctions. MIT
Press, 2006.

[24] A. Dan, A. Ockenfels, and A. E. Roth. An experimental analysis of ending
rules in internet auctions. Rand Journal of Economics, 36(4):891–908, 2005.

[25] R. Das, J. E. Hanson, J. O. Kephart, and G. Tesauro. Agent-human interac-
tions in the continuous double auction. In Proceedings of the International
Joint Conference on Artificial Intelligence, pages 1169–1176, Seattle, USA.



Bibliography 129

[26] E. David, R. Azoulay-Schwartz, and S. Kraus. Bidders’ strategy for multi-
attribute sequential english auction with a deadline. In Proceedings of the
2nd International Joint Conference on Autonomous Agents and Multiagent
Systems, pages 457–464, New York, NY, USA, 2003. ACM.

[27] M. Dumas, L. Aldred, G. Governatori, and A. Hofstede. Probabilistic auto-
mated bidding in multiple auctions. Electronic Commerce Research, 5:25–49,
2005.

[28] M. Dumas, L. Aldred, G. Governatori, A. ter Hofstede, and N. Russell.
A probabilistic approach to automated bidding in alternative auctions. In
Proceedings of the 11th International Conference on World Wide Web, pages
99–108, New York, NY, USA, 2002. ACM.

[29] D. Easley and J. Ledyard. Theories of price formation and exchange in
double oral auctions. The Double Auction Market: Institutions, Theories,
and Evidence (Dan Friedman and John Rust, Eds.), pages 63–97, 1993.

[30] B. Edelman, M. Ostrovsky, and M. Schwarz. Internet advertising and the
generalized second-price auction: Selling billions of dollars worth of key-
words. American Economic Review, 97(1):242–259, 2007.

[31] M. Fan, J. Stallaert, and A. B. Whinston. The internet and the future of
financial markets. Communications of the ACM, 43(11):82–88, 2000.

[32] S. Fatima, M. Wooldridge, and N. R. Jennings. Revenue maximising agendas
for sequential english auctions. In Proceedings of the 3rd International Joint
Conference on Autonomous Agents and Multiagent Systems, pages 1432–
1433, Washington, DC, USA, 2004. IEEE Computer Society.

[33] S. S. Fatima, M. Wooldridge, and N. R. Jennings. Sequential auctions in
uncertain information settings. In Proceedings of the 9th International Work-
shop on Agent-Mediated Electronic Commerce, pages 15–28, 2007.

[34] T. Fraichard and P. Garnier. Fuzzy control to drive car-like vehicles. Robotics
and Autonomous Systems, 34:1–22, 2001.

[35] M. K. Franklin and M. K. Reiter. The design and implementation of a secure
auction service. IEEE Transactions on Software Engineering, 22(5):302–312,
1996.

[36] D. Friedman. The double auction market institution: A survey. The Double
Auction Market: Institutions, Theories, and Evidence (Dan Friedman and
John Rust, Eds.), pages 3–26, 1993.

[37] S. Garfinkel, G. Spafford, and D. Russell. Web Security, Privacy, and Com-
merce. O’Reily, 2001.

[38] E. H. Gerding, A. Rogers, R. K. Dash, and N. R. Jennings. Competing sellers
in online markets: reserve prices, shill bidding, and auction fees. In Proceed-
ings of the 5th International Joint Conference on Autonomous Agents and
Multiagent Systems, pages 1208–1210, New York, NY, USA, 2006. ACM.



130 Bibliography

[39] E. H. Gerding, A. Rogers, R. K. Dash, and N. R. Jennings. Sellers com-
peting for buyers in online markets: reserve prices, shill bids and auction
fees. In Proceedings of the 20th International Joint Conference on Artificial
Intelligence, pages 1287–1293, 2007.

[40] E. H. Gerding, A. Rogers, D. C. K. Yuen, and N. R. Jennings. Bidding op-
timally in concurrent second-price auctions of perfectly substitutable goods.
In Proceedings of the 6th International Joint Conference on Autonomous
Agents and Multiagent Systems, pages 267–274, 2007.

[41] S. Gjerstad and J. Dickhaut. Price formation in double auctions. Games
and Economic Behavior, 22:1–29, 1998.

[42] D. K. Gode and S. Sunder. Allocative efficiency of markets with zero-
intelligence traders: Market as a partial substitute for individual rationality.
Journal of Political Economy, 101(1):119–137, 1993.

[43] D. K. Gode and S. Sunder. Lower bounds for efficiency of surplus extraction
in double auctions. The Double Auction Market: Institutions, Theories, and
Evidence (Dan Friedman and John Rust, Eds.), pages 199–219, 1993.

[44] M. Goyal, J. Lu, and G. Zhang. A novel fuzzy attitude based bidding strat-
egy for multi-attribute auction. In Proceedings of the 2006 IEEE/WIC/ACM
International Conference on Web Intelligence and Intelligent Agent Technol-
ogy, pages 535–539, Washington, DC, USA, 2006. IEEE Computer Society.

[45] F. Gul and E. Stacchetti. The english auction with differentiated commodi-
ties. Journal of Economic Theory, 92(1):66–95, May 2000.

[46] M. Harkavy, J. D. Tygar, and H. Kikuchi. Electronic auctions with pri-
vate bids. In Proceedings of the 3rd Conference on USENIX Workshop on
Electronic Commerce, Berkeley, CA, USA, 1998. USENIX Association.

[47] H. Hattori, T. Ozono, and T. Shintani. Applying a combinatorial auction
protocol to a coalition formation among agents in complex problems. In Pro-
ceedings of the 2nd International Joint Conference on Autonomous Agents
and Multiagent Systems, pages 1008–1009, New York, NY, USA, 2003. ACM.

[48] M. He and N. R. Jennings. Southamptontac: An adaptive autonomous trad-
ing agent. ACM Transactions on Internet Technology, 3(3):218–235, Aug.
2003.

[49] M. He and N. R. Jennings. Designing a successful trading agent:a fuzzy set
approach. IEEE Transactions on Fuzzy Systems, 12(3):389 – 410, 2004.

[50] M. He, N. R. Jennings, and H. F. Leung. On agent-mediated electronic com-
merce. IEEE Transactions on Knowledge and Data Engineering, 15(4):985–
1003, Jul./Aug. 2003.



Bibliography 131
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