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Chapter 1

Introduction

Auctions as a method of selling and buying goods have a long history, initially
there were only ascending auctions with simple rules (now known as English
auctions) but with time a variety of types of auctions has emerged. Now,
auctions have become a very popular method of trading popularized by on-
line auctions as Ebay or Allegro (a big Polish auction platform).

According to definition made by McAfee and McMillan in 1987: "an anc-
tion is a market institution with an explicit set of rules determining resource
allocation and prices on the basis of bids from the market participants".

A special type of auctions, maybe not the most popular in an on-line
internet auctions but interesting from point of view of computer simulation,
are so called double auctions. In double auctions, there are multiple buyers
and sellers on the market that place their offer simnltaneously.

In this work we review strategies of agents participating in a double auc-
tion. There are a lot of different categories of strategies: some consider
history, others are reacting on the last placed bid or apply learning algo-
rithms. Some strategies, as ZI, GD, and AA, have been already reviewed in
an earlier publication of the present authors [21]. They are repeated here to
make a possibly full compendium of strategies proposed in the literature.

The practical context of this research is the double auction for trading
emissions of pollutants. Emission, in this context, is the short name for
"permission to emit a unit of greenhouse gas"; its unit is either one tonne of
carbon dioxide or the mass of another greenhouse gas which is recalculated
to so-called carbon dioxide equivalent (tCO2e) emissions. This is expressed
in units like Certified Emission Reductions (CERs) or carbon credits. This
concept was introduced in the Kyoto Protocol, which entered into force in
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6 CHAPTER 1. INTRODUCTION

16 February 2005, obliging countries that ratified it to limit their greenhouse
gases (GHG) emissions below the levels of 1990.

The protocol introduced so called "flexible" market-based mechanisms
(Emission Trading, Joint Implementation and Clean Development), which
are meant to achieve the common reduction target with minimal costs, with-
out knowledge of the parties cost functions. The emission trading market is
still not mature and it is still under the process of adjusting the rules and
protocols to make it efficient aud resistant to collapsing. The Chicago Cli-
mate Exchange market ceased operations in 2010 because the legislation was
refused by the US Senate and companies were no longer interested in trading
this commodity.

There are different schemes developed for this type of market. In report
[26], the English auction trading scheme for emission permit trading was
considered. In the present work the double auction mechanism for emission
trading is defined, as it is a very popular method of creating efficient markets.

This work summarizes the most well known strategies, that present the
evolution of automated negotiation strategies: from simple and intuitive ap-
proaches as ZI, PS and ZIP, to more forecasting like GD and adapting as AA
strategy. None of the general issues of on-line auctions are discussed here.
An interested reader is referred to recent reviews of these matters [12, 17, 24].

The structure of the paper is as follows. In chapter 2 the current state
of research on the Continuous Double Auction, emission trading and agent
strategies are shortly reviewed. In the following chapter the concept of ne-
gotiations and different ways of trading is described. In chapter 4 some in-
formations on double auction are presented. Chapter 5 discusses the formal
model of the auction double market used in this paper. The following chap-
ters contain the description of the existing strategies for participants in the
continuous double auction, they are divided to strategies using only current
information, GD strategies, AA strategies and FL-strategy, that uses fuzzy
rules to determine the value of next shout. The general architecture of the
implemented software is located in the chapter 10, followed by description
of its implementation. In chapter 11 some preliminary results are presented.
Conclusions summarizes the whole report. Also future works are sketched
there.



Chapter 9
The FL-strategy

9.1 Preliminaries

The FL-strategy is a fuzzy logic based strategy. It has been proposed by He
et al. [14]. It uses some notions, which are defined in this section.

A round is the time period between two successive deals or the time from
the beginning of the auction to the first deal. The rounds are numbered and
the round number r is the number of concluded deals.

The price history H, in the round r is a series of [ last snccessful deal
prices

H=A{prt,.-.,pr1}

where p; is the price of the i-th deal.

The reference price P, in the round r is the median value of the prices
from the price history.

All the variables and structures related to the seller (s-agent) will be
marked with the letter s, and those related the buyer (b-agent) with the
letter b.

9.2 The decision sets
The decision set (acceptable offers) for a trading agent is a segment. For the

seller it stretches from his unit cost of the good ¢, and the current outstanding
ask ag. However, as it is not reasonable to ask lower than the outstanding
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38 CHAPTER 9. THE FL-STRATEGY

bid b, the decision set of a seller is
max(by, ¢;) < a < ap

For the buyer it streches from the current outstanding bid and his valuation
of a unit of the good. For her/him, it is not reasonable to bid higher than
the outstanding ask, so the decision set of a buyer is

bo < b < min(ap, vs)

As special cases, the above sets may be empty.

9.3 Strategy rules for the crisp values

9.3.1 Logic rules

To submit an offer an agent maximizes his profit in the decision set. It is
based on a number of heuristic rules, which give propositions of tentative
offers. The rules depend on a common relation of three current values, the
reference price P,, the outstanding bid by, and the outstanding ask ag. Three
cases are discussed below; first for crisp values, to better understand the idea,
and then for fuzzy ones.

The case P, < by < ap

The heuristic rule for the seller is:

IF by is much bigger than P,
THEN accept bp
ELSE ask is ag — S,

where 3,; & constant dependent of the agent’s attitude to risk. That is,
the rule is either to accept the big outstanding bid, or to diminish the
outstanding ask, if the outstanding bid is only slightly bigger than the
reference price.

The rule for the buyer is:
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IF by is much bigger than P,
THEN no new bid
ELSE bid is by + B

where f3,1 is a constant dependent of the agent’s attitude to risk. The rule is
either to stop bidding, if the outstanding bid is already big enough, or outbid
the outstanding bid, if it is acceptably low.

The case by < qp < P,

The rules in this case are symmetric to the previous case, with the change
of roles. Thus, the rule for the seller is:

IF ag is much smaller than P,
THEN no ask
ELSE ask is ap — 8,2

where ;. is a constant dependent on the agent’s attitude to risk. Just, the
seller refuses to ask, if the outstanding ask is too small. Otherwise, it steps
down from the outstanding ask.

The rule for the buyer is:

IF ag is much smaller than P,
THEN accept ap
ELSE bid is by + b2

where 2 bas a similar meaning as other s before.

The case by < P, < aq

In this case the rules are more complicated. For the seller we have;

IF (by is far from or medium to P,) and (ao is far from P,)
THEN ask is ag — As

IF (b is far from or medium to P,) and (ao is medium to P,)
THEN ask is ag — )\,,2
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IF (bg is far from or medium to P,) and (aq is close to P;)
THEN ask is ag - As,:i

IF b is close to P,
THEN ask is B, + A4

Now, if the outstanding bid is much or fairly smaller than the reference
price, the buyer steps down from the outstanding ask. If the outstanding
bid is close to the reference price, the buyer bids slightly higher than the
reference price. The constants lambda has here the meaning similar to this
for s before.

And symmetrically for the buyer:

IF (ag is far from or medium to P,) and (bg is far from P,)
THEN ask is by + Ap1

IF (ao is far from or medium to P,) and (b is medium to P,)
THEN ask is bo + Ab'z

IF (aq is far from or medium to P.) and (by is close to P,)
THEN ask is by + )\(,,3

IF aq is close to P,
THEN ask is P, — A4

9.3.2 Final decision

To decide finally on submitting an offer, three cases are considered. For the
seller they are as follows.

IF the tentative ask is outside the decision set

THEN no submitted ask

ELSE

IF by belongs to the decision set and it is close fo the tentative ask
THEN submitted ask = b
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ELSE submitted ask = tentative ask

Notice that by belongs to the decision set when ¢, < bg.
Now, for the buyer the decision rules are:

IF the tentative bid is outside the decision set

THEN no submitted bid

ELSE

IF ag belongs to the decision set and it is close to the tentative bid
THEN submitted bid = ap

ELSE submitted bid = tentative bid

9.4 Strategy rules for the fuzzy values

9.4.1 Preliminaries
Fuzzy linguistic variables

In the above rules, there are notions which are note precisely defined, like
much bigger, far from, close to, etc. In the fuzzy logic these linguistic vari-
ables are modelled using the fuzzy sets, and the fuzzy reasoning is applied
to obtain the results. A short introduction to the fuzzy sets is given in the
appendix to this chapter.

The linguistic variables connected with location of the outstanding ask
and bids with respect to P, are depicted in Figure 9.1. The variables close
to, medium to, far from are shown in Figure 9.2. The parameters of the
membership functions are decided by intuition and experience.

Fuzzy reasoning

The fuzzy reasoning goes along the established rules. We refer only to the
rules needed in our reasoning.
Now, the fuzzy logic rules for calculating a tentative ask or a tentative
bid uvse the fuzzy linguistic variables in the logical consequence premises.
The membership function of the intersection A(z)NB(z) (representing the
linguistic operator and) of two fuzzy sets A(z) and B(y) with the membership
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Figure 9.1: Membership functions of the fuzzy sets representing the linguistic variables
'an offer is much smaller than the reference price P,' (left) and 'an offer is much bigger
than the reference price P’ (right).

close to medium to far from

05 08 1 12 15

Figure 9.2: Membership functions of fuzzy sets representing the linguistic variables 'close
to’ (left), 'medium to’ (middle), and 'far from’ (right).
functions p4(z) and pp(z), respectively, is calculated as

tans(z) = min{pua(z), po(y)}

The membership function of the union A(x)U B(z) (representing the linguis-
tic operator or) of two fuzzy sets A(z) and B(y) is calculated as

taus(z) = max{a(z), ns(y)}
The conclusion is a triangular fuzzy set, see Figure 9.3
(m. 8, x)

where m is the center of the fuzzy set, 8 is its left and x is its right spread.
In [14] it is suggested that the spreads may be equal to double price step in
the auction.
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m+x

Figure 9.3: Membership functions of a triangular fuzzy set.

9.4.2 Fuzzy logic rules

The case P. < by < ap

The heuristic rule for the seller is:
IF by is much bigger than P,

THEN accept by
ELSE ask is (ap — fs,1,6, X)

where f3;,; a constant dependent of the agent’s attitude to risk. Similar as in
the crisp case, the first part of the rule is acceptation of the big outstanding
bid, if it is much bigger than the reference price P,, but much bigger is now
expressed in a soft way. The second part is diminishing the outstanding ask,
but the conclusion is now a triangular fuzzy set.

The rule for the buyer is:
IF by is much bigger than P,
THEN no new bid
ELSE bid is (b + f,1,6, X)
where B is a coustant dependent of the agent’s attitude to risk.

The case by < ay < P,

Also now, the rules are symmetric to the previous case. Thus, the rule for
the seller is:
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IF ay is much smaller than P,
THEN no ask
ELSE ask is (ag — B3, 0,X)

where f,2 is a constant dependent on the agent’s attitude to risk.
The rule for the buyer is:

IF ag is much smaller than P,

THEN accept ag

ELSE bid is (bp + 2.6, X)
where (32 has a similar meaning as s before.
The case )y < P, < ¢

In this case the rules are more complicated and require applications of the
fuzzy and and or operators. For the seller we have:

IF (b is far from or medium to P,) and (ay is far from F,)
THEN ask is (ap — As1. 0, X)

IF (bo is far from or medium to P,) and (ao is medium to F,)
THEN ask is (@ — As2,0,%)

IF (& is far from or medium to P,) and (ap is close to P,)
THEN ask is (ag — /\,,3, ﬂ,x)

IF by is close to P,
THEN ask is (P + Ase, 8, %)

And symmetrically for the buyer:

IF (ao is far from or medium to P,) and (b is far from P,)
THEN ask is (bg + As,1,0. X)

IF (ap is far from or medium to P,) and (bo is medium to P;)
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THEN ask is (bo + As2, 6, X)

IF (ag is far from or medium to P,) and (b is close to P,)
THEN ask is (bo — Ay, 8, X)

IF a, is close to P,
THEN ask is (P, - Aea, 0, X)

9.4.3 Conclusions of rules

To fire a rule, a firing level is used. This means that the rule is fired only
if the value of its premise membership function is greater than a predefined
value v, e.g. v =0.5.

Thus, in simple cases, when both ag and by are on the same side of F,,
the rule is fired if the value of the membership function of the fuzzy set
representing the much bigger or much smaller variable is equal or greater
than the respective value of .

In the third case, when P, is between ag and b, elaboration of the final
tentative offer is more complicated. First of all, calculation of the fuzzy set in
the premises requires first application of the linguistic operators and and or.
As in the earlier cases, to fire the rule the premise membership function has
to be greater than . However, in elabration of the final tentative offer the
conclusions of all four rules are taken into account. This is achieved using the
Sugeno expression. Let us denote the (fuzzy) conclusions of each of the four
component rules as a; for the seller and b; for the buyer, where i = 1,2, 3, 4.
Then, the Sugeno expression is

E?=1aiai
2;;:1015

where ¢ is the value of the membership functions of the corresponding
premise at the ask a;. The membership function values which are smaller
than + are taken as equal to 0.

In calculating the above expression, the algebraic rules for the fuzzy sets
are needed. We deal with the triangular fuzzy sets. Let us consider two
triangular fuzzy sets A; = (mq, 01, x1) and Ay = (my, 2, x2). Then, we have

Ay £ Ay = (my £ me, 0y + 02, x1 + X2)
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kAl = (ka, k91, k'Xl)

where k i8 a crisp number, see Appendix.

9.4.4 Final decision

The final decision on submitting or not submitting an offer is a fuzzy version
of the earlier one, for the crisp values. For the seller they are as follows.

IF the tentative ask is outside the decision set

THEN no submitted ask

ELSE

IF by belongs to the decision set and to the m,-cut of the tentative ask a
THEN submitted ask = &g

ELSE submitted ask = argument of the maximum of the membership
function of the tentative ask in the decision set.

Notice that by belongs to the decision set when ¢, < by. 7, is a threshold of
decision for the tentative ask. It may be decided from the attitude to risk of

the agent.
Now, for the buyer the decision rules are:

IF the tentative bid is outside the decision set

THEN no submitted bid

ELSE

IF ap belongs to the decision set and to the m;-cut of the tentative bid
THEN submitted bid = ap

ELSE submitted bid = argument of the maximum of the membership
function of the tentative bid in the decision set.

Similarly to before, ap belongs to the decision set, if it is not greater than
the valuation of the good by the agent. m, is the threshold of decision.
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9.5 Adaptive agents

9.5.1 Attitude towards risk

Agents can be risk-neutral, risk-averse, or risk-seeking. These notions can be
explained using the utility functions of the agents. Let us look at three utility
functions of the selling agents on Figure 9.4. The utilities functions grow with
the ask values (the gain rises, provided the deal with the price is closed).
The linear utility function U (a) is attributed to the risk-neutral agent. The
risk-averse agent is characterized by a utility function U4(a) > UN, while
the risk-seeking agent has the utility function U5(a) < U¥(a). Thus, a risk-
averse agent is quickly satisfied with growing price, a risk-seeking agent is
slowly satisfied, waiting for higher prices. In effect, it holds

U (a) < U (a) < Ui(a)

Figure 9.4: Utility functions of risk-averse, U (e), risk-neutral, U (a), and risk-seeking,
U$ (a), selling agents.

The attitude toward risk can be expressed by parameters of the strategy
used by the agent. Three groups of parameters define a strategy. The pa-
rameters f,1 and S, 2 are the values of the price step-up and step-down in
the negotiation in simple situations when the outstanding bid is not big or
the outstanding ask is not small. The parameters A,;, ¢ = 1,...4 are also
price steps in the four component rules in the more difficult situations when
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the reference price is between the outstanding bid and the outstanding ask.
The parameters v, 1 and 7,2 are the cut levels, see Figs. 9.1 and 9.2,

The following inequalities hold between parameters deciding on the strat-
egy of the three kind of agents

B> BN > B5, i=1,2

Mi> A >a8, i=1,23

Mo> A > A8,

Yor < Tan < Tan

Tz > Tz > Yon
The directions of the inequalities are obvious. For example, a risk-averse
selling agent reduces his asks more (with bigger Ba,¢ = 1,2 0r 55,2 = 1,2,3)
than a risk-neutral agent. Similarly, a risk-averse agent raises his asks (with
smaller ), 4) the a risk-neutral one. Also, a risk-averse agent earlier decides
that the outstanding bid is much bigger than the reference price, than the
risk-neutral agent. And a risk-averse agent later decides that the outstanding
ask is much bigger than the reference price, than the risk-neutral one.

Uy(b)

1 )

Us (v

Figure 9.5: Utility functions of risk-averse, U (), risk-neutral, U (b}, and risk-seeking,
U$ (b), buying agents.

For analogous three kinds of the buying agents the similar inequalities

hold, see Figure 9.5
Uy (a) < UY(a) < U}(a)

with the same dependencies between the parameters

B> BN > B85, i=1,2
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Mo>Mi> a8, i=12,3
/\;:4 > )\,9"4 > /\,,5,‘l
¥h < Wi <Wn
Toz > Va2 > Voa
The parameters m, and m, are not considered in [14] in the set of param-

eters characterizing the attitude to risk. But the following inequalities hold
for both selling and buying agents

<V <’

9.5.2 Learning

The risk attitude of the agent can be conveniently used to design learning
rules. The principle is as follows. If an agent makes transactions frequently, it
means that it should become more risk-seeking, in hope of increasing its profit
by negotiating better prices. In contrary, if an agent waits long for trans-
actions, it should be more rigsk-averse. The notions of transacting frequently
and waiting long are modeled using fuzzy sets with membership functions
depicted in Figure 9.6. The transaction rate is calculated as a ratio of the
transactions of the agent to all transactions made in the market after the
last change of the agent parameters.

transact frequently

0.1 0.2 0.5 Transoction rate

Figure 9.6: Memberships of the fuzzy set functions representing linguistic variables wait
long and transact frequently.

In the learning algorithm the attitude toward risk A is normalized be-
tween -1, meaning the most averse attitude, through 0, the neutral attitude,
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until 41, the most risk-secking attitude. Thus, Ay € [—1,1]. The attitude
Ay is related to the parameters s, As, and vs. This relation is not speci-
fied in [14]. The simplest way is to normalize the values of the parameters
beween -1 and 1 and assume that every parameter is an element of a vetor
value of the attitude, which may take values between -1 and +1. Another,
more complicated relation could be introduction of a norm in the parameter
space, which is normalized to keep the norm between -1 and +1. Then the
norm may be made egivalent to A,. Other options are possible as well.
Now, the learning rules are as follows

IF agent waits long to transact THEN A=A — 14
IF agent transacts frequently THEN A=A +ré

where ¢ is the minimum step, and r > 0 is the learning rate.

Three adjustment methods has been considered in [14]:

1. an agent adjust the attitude at the constant minimum rate 4, that is
r=1,

2. an agent adjust the attitude at a bigger step than the minimum rate
4, thatisr =mé, m > 1;

3. an agent adjust the attitude randomly, that is r is an independent
random number uniformly distributed in the range [1,7], where 7 is
the maximum adjustment number.

The simulations performed in [14] indicate that the best agent performance
is for the constant learning rate r = 1.

Appendix. Fuzzy sets and fuzzy numbers

To introduce the notion of a fuzzy set let us first consider a classical set A
from an universe U/. It can be conveniently described by the characteristic
function x4 defined as
1 ifueAd
XA =10 ifugAa
which say that a point u € U belongs to the set, if x4(u) = 1, or does not
belong, if x.4(u) = 0.
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In a fuzzy set the characteristic function x. is generalized to take any
value from the interval [0, 1]. It is then called o membership function and is
denoted p,4. The value of a membership function p14(x) reflects the degree
of acceptance of the point u to the set. Thus, a fuzzy set is characterized by
the set A and the membership function f14. Then, an usual set is a special
fuzzy set with the membership function being the characteristic function. A
comparison of a membership function and a characteristic function of a set
is shown in Figure 9.7.

A fuzzy set can be also fully characterized by a family of so called y-cuts?
denoted by A,, i. e. points of U, for which the value ;1,4(u) assumes at
least the value v, see Figure 9.7, where an example of a y-cut for vy = 0.5 is
depicted.

1 XA

B
0.5

u

P
=
o

I
m—p m m+pr

Figure 9.7: The characteristic function and a membership functions of the set A.

Two additional notions connected with a fuzzy set are worth to mention.
One is the support, called supp A, which is the set of points u, for which the
membership function is positive, i. e.:

supp A = {u € U : pa(u) > 0}
Another definition of the support may be forinulated using «-cuts, as

supp A = lim Ay

*Here we call as the y-cut, of a fuzzy set A the notion usually called the a-cut, i.e. the
set Ay = {z € supp Alpa(z) > 7}, for v € (0,1).
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The second notion is the core of the fuzzy set, called core A, which is the set
of points, for which the membership function is equal 1, i. e.:

core A={u €U :pa(u) =1}
Using the notion of y-cuts we may also write
core A=A

A special case of a fuzzy set A is called a fuzzy number, if it satisfies three
additional conditions:

1. core A consists of only one point.

2. The membership function does not increase starting from the core point
towards both sides.

3. Every y-cut is a (connected) close interval.

The -y-cuts for a fuzy number form a family of intervals. Each interval can
be interpreted as our conviction in precision of knowledge of the core value.
Values of the level v close to 1 mean that we are well convinced that the core
value is precise. Small values of v, close to 0, mean that our conviction is
small. Calculations performed on fuzzy numbers allow us to process whole
this knowledge in common.

Technically, two functions defined for nonnegative arguments may be in-
troduced, L and R, such that they have the unique value 1 at 0, L(0) =
R(0) = 1, equal zero for arguments greater or equal 1, L(u) = R(u) = 0 for
u > 1, and are not increasing. Then, given core A = {m}, the membership
function of a fuzzy number may be constructed using the above functions as
its left and right branches

L m—u
ITA) L( o ) foru<m (9.1)

u—-

() = R( m) foru>m (9.2)
where p; and p, are scale parameters, see Figure 9.7. Let us denote the fuzzy
number constructed this way as A = (m, py, pr)Lr-

Although operations on fuzzy sets or fuzzy numbers can be defined in
a more general context, they will be restricted here only to fuzzy numbers
described in the above LR form. For two fuzzy numbers A = (m,p;, p,)Lr
and B = (n, q, ¢.)r the following operations are defined:
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1. Addition
A+B=(m+n,p+ap+0&)r

2. Multiplication by a positive real number ¢
cA = (em, epy, cpr)Lr
3. Multiplication by a negative real number ¢
cA = (cm, lc|py, lelpi)Lr
with interchange of the function L and R in (9.1) and (9.2)

‘u=RM foru<em
i () (,c,pr) <

u—cm
pra(u) = L(—lc—lpl—) foru>cm

53

(9.3)

(9.4)

(9.5)
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Chapter 12

Conclusions

Emission permits are a new commodity that can have a very uncertain vol-
ume. Moreover, uncertainties for different types of greenhouse gases differ
considerably. For example, uncertainty of emission of COy from a power
plant may be few percents, while that of NoO from agricultural activities
may be close to 100%. Thus, a risk for traders to realy reach the imposed
emission level is much different when buing one or another emissions. Trad-
ing under such conditions requires new rules, but also provides a unique base
to develop uew strategies that are able to fulfill the requirements. Before it
will be possible to include uncertainties in the agents behavior, the market
scheme has to be designed and tested.

Given the tool as the multi-agent system, it is possible to design a market
that is be simple, dynamic and that allows participants to adjust their desired
profit and the time of placing an offer. The continuous double auction chosen
in the report has simple rules and does not impose limitations on neither the
number of participants nor their strategies.

The aim of the present report is to go through the most well-known
strategies for this type of market, to classify them and to summarize their
properties. The existing strategies can be divided into few groups: simple
and reactive strategies (e.5. TT, ZI, ZIP); strategies that are using historical
data to predict the prices (e.g. GD) and strategies that are exploiting features
of agents and market confignration (e.g. Kaplan, AA). Most of the strategies
(except for the very simple ones) result in the market price converging to
equilibrium price and generally in most participants reaching profit.

The next step is to create agents that will dynamically adjust or even
change their strategies depending on the situation on the market. After
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that, specific features of the emission market will be added to check Low
agents behave. Limit price will become a function of traded permits and
participants would have to consider the level of uncertainty of the traded
permit.
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