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Abstract efficient utilization of computer resources and for
Designing the negotiation agents and equipped them with theoptimization performance of specific tasks. Resource
fuzzy decision controller to determine the relaxation amount in gllocation is one of the major parts of resource

the face of intense grid market pressure leads to enhance bothhanagement. Designing an efficient mechanism and
success rate and speed of negotiation. However, the markelgy aiagies for solving grid resource allocation problem is
oriented grids are unpredictable as new opportunities and threat:

are constantly being introduced as grid resource consumers an%ss_entlal for re_allzmg the vision of grid computlng
owners enter and leave a market. According to the grid market€nvironments. It is proven that one of the best solutions for

dynamics, it is needed to design adapting and self organizingdfid resource allocation is usage of economic based
negotiation agents that not only have the flexibility of relaxing models [3]. Numerous economic models [1] are proposed
the bargaining criteria using fuzzy rules but also have the ability in literature [4-9]. As negotiation-like protocol is found to

to evolve their structures by learning and adapting new relaxed-be suitable when the participants cooperate to create the
criteria fuzzy rules. The impetus of this work is designing new value of objects[10], adopting negotiation mechanism for
negotiation agents in namé&v_MBDNAs that have two  gyccessfully reconciling the differences betwedrid
distinguishing features: 1) relaxing their bargaining term using Resource Owners (GROs) and Grid Resource
Fuzzy Grid Market Pressure Determination Systand 2) Consumers (GRCs)seems to be more prudent rather than

evolving their structures by learning new relaxed-criteria fuzzy ~ . h | f d K 11
rules to enhance their negotiation performance as they participatéjs'ng other commonly referenced works (e.g., see [11-

in a series of e_markets. The second featurvoMBDNASsis 13]). Although there are many agent-based approaches for
provided by designing an evolutionary procedure that invokes grid resource allocation which are considered negotiation
Biogeography-based optimization (BBO) algorithm. In our mechanisms among GROs and GRfos successfully
experiments, we compare the proposEd MBDNAs with reconciling the differences between them, the strategies of
EMBDNAs (i.e., negotiation agents with fixed relaxed-criteria some of these agents are mostly static and may not
fuzzy .rules). The results show thgt by designing a BBO'panednecessarily be the most appropriate for changinGrid
croliionary Procedlre 1o Jearing Secve [eaiSCeer Resource Negotiaion Market (GRNM) situtions. n
diffe)r/ent typ;es_ofe marigets. y outp other_ vv_ord, this type of agents (i.e., fixed strategy
Ke ds: Grid re: llocation: Automated tiation: negotiation agents) relaxes their offers at constant rate and
yworas: Grid resource allocation; Automated negotiation; . .
Intelligent agent; Fuzzy decision controller; Biogeography-based do not p.roperly addrgss tradlng.pressure n GRNM [14].
optimization (BBO). The trading pressure in GRNM (i.&MP: Grid Market
Pressure) which is raisedrom trade imbalances and local
condition of each market participant, is defined as a
1. Introduction variable that captures the acceptability of the current grid
resource negotiation market conditions. Providing
Grid computing emerging as a new paradigm for next- negotiation agents with more accurate GMP value (i.e.,
generation computing enables the sharing, selection, anddegree of relaxation) has a significant role in increasing
aggregation of geographically distributed heterogeneousthe chance of flexible negotiation agents in making
resources for solving large-scale problems in science,agreement with their opponents in the face of intense
engineering, and commerce [1]. The resource managemen&MP. This consideration motivated Adagt al. [14] to
in such large-scale distributed environment is a complexdesign flexible negotiation agents in name EMBDNA
task. The term resource management in grid computing(Enhanced Market- and Behavior-driven Negotiation
can be defined as those operations that control the way thahgent) that adopt a proposed negotiation protocol in name
grid resources and services are made available for use bi#Alternating offer protocol (i.e., enhancement of
entities like users, applications and services [2] to ensureRubinstein’s sequential alternating offigrotocolwhich is
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proposed in [15, 16]). TheAternating offernegotiation evaluates the resulting outcome through a payoftitlity
protocol [14] focuses on augmenting the alternating offersfunctiori’ representing her objectives. The negotiation
protocol by designing two new fuzzy decision controllers objectives of EMBDNAs are the expected price that will
(i.e., one modeling GRC's criteria, and one modeling be obtained via negotiation process and the negotiation
GRO'’s criteria) for determining the degree of relaxation in time that will be spent in the grid resource allocation
a negotiation situation. But, the fuzzy rules in [14] were market. For the sake of simplicity, the EMBDNA
manually constructed and the system structure ofnegotiation agent and its opponent (i.e., trading partner)
EMBDNA negotiation agent remained generally fixed are named ad andB respectively. AlsoP# — B and
throughout its operation in different electronic markets P — A represent the proposal Afto B at negotiation
(i.e., e_markets). As the parameters that make e_marketoundt and the proposal df to A at negotiation round
(like numbers of trading partners, numbers of competitors,respectively. The linear utility function of negotiation
number of participants, behavior of negotiator agents,agentA4 of type GRC and the linear utility function of
negotiator agents’ deadline,...) are subject to change giverhegotiation agent of type GRO consideringP? —
varying market conditions it is difficult to find a fixed set B and PP — A is defined as Eq. (1) and Eq. (2)
of fuzzy rules that is suitable for all electronic markets. respectively [14]:

Hence, the new feature of this work is that design an 1)
evolutionary  procedure that invokes a BBO spsi—gj=u,, +(1- “'W)H‘g’:g;u‘.m’f\]+ [(RP, — P )I(RP, — iP)|1/2
(Biogeography-based optimization) algorithm for evolving e

and adapting the relaxed-criteria rules as the EMBDNA ) ps . 4=, + (1 — uy,)(etine) © (crp, — 02000, — 10,])/2
participate in negotiation activities in a series of electronic {eatiine 2)
markets. Consequently, riew negotiation agent in name Y ‘ (
Ev_MBDNA (i.e., EMBDNA with relaxed-criteria fuzzy — U&l5" — 5] =t + (1= o) (S5 4 [ (7 = RE, ) /(1F, = RE,)|)/2
rules that are evolved using the evolutionary algorithm) And

that hasboth the ability to slightly relax its bargaining " 7 — Al = it + (1= g [ (S548) + (17 — R ) U2, = RP I/ 2

criteria in the face of (intenyeGMP and evolve its

strupture by.learning new relaxed-criteria fuzzy. rules is whereRP, is A’s reserve pricdP, is A’s initial price,and
designed to improve theuccess rate,,expected utilapd t2 waiine iISA’S Negotiation deadline (e.g., a time frame by
average negotiation rounfrom GRC's perspective and  \yhich A4 needs negotiation result). Alsm,,;, is the
resource utilization levelexpected utilityand average  parameter that used to distinguish the utilities between

negotiation roundrom GRO's perspective. deals and no deals (since a negotiator agent receives a
The remainder of the paper is structured as foIIows.uti“ty of zero if negotiation fails). The value aof,;,
Section 2 describes briefly the negotiation model of \ynich is derived from [15] is defined as 0.1.

Ev_MBDNAs. In section 3 a BBO-based evolutionary

procedure that is designed for evolving relaxed-criteria 2 2 Negotiation strategy

(fuzzy) rules is discussed. The experimental results to

study the performance of Ev_MBDNAs are given in |n each round of the negotiation, a negotiator agémt

section 4. FinaIIy, the state-of-the-art flexible negotiation choice is called atrategy As EMBDNAS focus on Sing]e_

agents for grid resource management and conclusions argsue (e.g., price only) negotiation, the amount of

given in section 5 and section 6 respectively. concession determination, at negotiation rounds a
chosen strategy hg. Sim [18] investigated the way to

. assess the probability of successfully reaching a consensus

2. Negotiation model in different market situations by considering the difference

etween the payoffs generated by the proposal of

egotiatord and the proposal of its trading partners at each

roundt. The (best) spread in the current cytléhefore

making new proposal) is:

The negotiation model has three parts [17]: 1) the usedg
utility models or preference relationships for the
negotiating parties, 2) the negotiation strategy applied
during the negotiation process and 3) the negotiation
protocol. As the negotiation model of Ev_MBDNAs is as k;=U#[P{, — B] -UA[ PE, — A] 3)
same as the negotiation model of EMBDNAs [14], the We should highlight that by usingAlternating offer

rl\]/leogrgtgetsltgri]lsrggr?ile ?;uggﬂii?i\ﬁs is briefly discussed. protocol(i.e., the negotiation protocol of [14]), negotiators

: in  make alternate offers rather than moving
simultaneously. According to [19]: Negotiation is
described as a process where the parties attempt to
g narrow the spread in (counter-) proposals between (or
among) negotiators through concessiomherefore, for

2.1 Negotiation utility model

Any kind of behavior of each negotiator can be modele
with a suitable payoff ordtility functiori. Each negotiator
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making a suitable concession tbgected utilityof each reach an agreement if the bargaining power amount of its
negotiator's next proposal is determined by itself as opponent agem decrease$
follows: d) Negotiator's proposal deviation of the average of its
trading partners’ proposals ITPAP4:closeness factor)
The general idea is that if the last proposal of a negotiator
Finally, according to [19] the amount of concession at agent is too far from the average of its trading partners’
roundt (e.g.4;) is: last proposals, then it seems prudent that a negotiator agent
A=ko-k 5) shc_>u|d make Iarg.e.r concession. amount to avoid risk of
RO losing a deal. Intuitively, a negotiator should make a more
Also, the appropriate value bf,, is defined by: attractive concession (to reach a consensus) if its proposal
is not sufficiently close to the average of its trading

UA[PE — B] = keyr+ UL PR, — A] 4)

- A
kewr = FSTE % ke 6) partners’ proposals.
whereFSTA is a price-oriented strategy that is takemby e) Negotiator's time preference 1P*): The passage of
at rounct and is defined through Eq. (7) [19]: time sacrifices of negotiation utility and has an effect on

4 5 4 negotiator's bargaining power. Considering the mentioned
FST{=x[ IST{+ ( PreBehave_Depend; x IST{)] () concept, the following time-dependent function is used

wherek =1/2 if [ISTA+( PreBehave_DependZx IST#)] (14]:

is greater than one, elge=1. AlsoPreBehave_Depend? TPACt thygine D= 1 — (——)? 9)

is previous behavior ofd’s trading partnerfactor (details +deadiiner tdeadiine

can be found in paftof the current section) addT# is where A 's time preference is denoted by (e.g.,
denoted by Eg. (8) [19]: concession rate with respect to time) which is considered
ISTA= NCA x NTPA x FTPA x DTPAPA x TPA ®) as agent's private information. According to [18] and [20]

there are three major classes of concession-making
whereNC#, NTP#, FTP{, DTPAP/andTP#are number strategies with respect to the remaining trading time:

of competitors number of trading partnerdiexibility in i. Conservative (14<o) — An agentd makes smaller
negotiator’'s trading partner's proposal negotiator's concession in early rounds and larger concession in later
proposal deviation of the average of its trading partners’  rounds.

proposals and negotiator's time preference factors ii. Linear (\=1) — An agen#i makes a constant rate of
respectively. Following the concepts 68T/ ‘s factors concession.

are described in brief. _ iii. Conciliatory (0<A<1) — An agentA makes larger

a) Number of competitors §¥C{): If there is a few concession in the early trading rounds and smaller

number of competitors, the likelihood that a negotidtor concessions in the later rounds.

proposes a bid/offer that is potentially close to a trading According to Eq. (9), the concession rate that is madé by
partners’ offer/bid may be high. should be increased @&#®“ tends to becomeero (e.g.,

b) Number of trading partner§NTPZ4): If there is a negotiator's deadline is reached).

large number of trading alternatives, the likelihood that a f) Previous concession behavior of negotiator’s trading
negotiator proposes a bid/offer that is potentially close to apartner (PreBehave_Depend?): Negotiators should

trading partners’ offer/bid may be high. view their trading partners’ behavior to select suitable
¢) Flexibility in negotiator’s trading partner’s proposal  tactics and strategies [21]. Adadi al. [19] modeled the
(FTP#): According to [19]:From a negotiator agem’s concession behavior of the trading partner of negotiator

point of view, the difference between its trading partner’'s agent4 (i.e., B) based on two following parameters: 1)

two proposals which are made in two consecutive the number of successful negotiations betwéamdB in

negotiation rounds which that trading partner turn to all the GRNMs they both participated and 2) the average

move (e.g., determine the amount of concession) can b@egotiation time betweeA andB. This means that the

defined as that trading partner's bargaining power trading partneB that makes fewer successful negotiation

amount. The bargaining power amount A% trading  with A and also makes a longer negotiation process

partner increase as the difference between trading deserves to receive more penalty.

partner's two proposals which are made in two

consecutive negotiation rounds that its turn to move tends2.3 Negotiation protocol

to becomezera The trading partner’s bargaining power

amount may not be fixed (means in suitable marketType of Negotiation Protocapecifies the mechanism and

conditions an agen#l’s trading partner's bargaining the specific negotiation rules it uses for a particular

power amount will be high and vice verse) and is reflectednegotiation. The most important issues that are considered

by flexibility concept. A negotiatat is more likely to in EAlternating offer protoco[14] (which is used as a
negotiation protocol of Ev._MBDNA) are as follows:n“|
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Rubinstein’s sequential alternating offer protocob]1the negotiators. Also for the sake of simplicity it is assumed
players (negotiatorsgan take actions only at certain times the negotiator agents do not make coalition.
in the (infinite) sefl = /1; 2; 3; ...t} In each period&T, 5.Each agent has incomplete information about the
one of the players, say A, proposes an agreement, and thethers. That is, negotiation begins with negotiators having
other player B eitheaccepts it or rejects it. If the offer is private information (e.g. deadline, reserve price, time
accepted, thethe negotiation ends, and the agreement is preferences, strategies and payoffs according to them). So,
implemented. lIfthe offer is rejected, then the process no negotiator knows the private information of the
passes to period t+1in this period, player B proposes an opponent.
agreement, which playéx may accept or reject. Hence, in 6. For strategic reasons and according to [18],
this protocol, if buyer A makes offers to multiple sellers negotiators have information of only the index of the time
and all these accept, buyer A must buy multiple itemsperiod, their trading partners’ proposals and the existing
which is a non-reasonable behavior. Similarly, if seller A number of competitors and trading partners.
has one item and makes offers to multiple buyers and all 7. Negotiation focuses on a single-issue (e.g., price-
these accept, seller A must provide more than one itenonly).
which is a non-reasonable behavior. In addition, although 8. A GRC (respectively, GRO) also faces market
the agreement from both sides of negotiation process iscompetition from other GRCs (respectively, GROs), which
needed to avoid the non-reasonable behavior ofindicates that a negotiation agent needs to take the market
negotiators, keep the chance of making agreement withsituation into account to decide what is a necessary price
other trading partners in a rational way is another to pay.
important issue that should be considered especially in the 9. Typically, a negotiator proposes its most preferred
case that the trading partner that is seemed to be a bestleal initially [18].
opponent does not confirm the initial agreement from 10. Whenever it is thd’s turn to move (e.g. determine
negotiator agent and the negotiation is not successfullythe amount of concession), it proposes a deal from its
completed. Furthermore, having suitable flexibility under possible negotiation set (e.giPj ,RP,], recall that/P,
intense GMP can be a good approach to avoid risk of and RP, are, respectively the initial and reserve prices of
losing deals in competition grid environmént. A) .
Considering the mentioned issues, the three distinguishing 11. If the initial price of4 of typeGRC is not equal to
features ofEAlternating offer protoco[14] are: a) handle  or greater than the reservation priceBabf typeGRO, the
multiple trading opportunities and market competition, b) negotiation process terminates with conflict. This
overcome non-reasonable behavior of negotiator agentsissumption is intuitive because GRC that its initial
during negotiation process and c) relax bargaining criteriaproposal is equal to or greater thaRO‘s reserve price
of negotiator agents by considering more accurate GMP. has enough budget to pay the minimum acceptable price
. of GRO(i.e., reserve price) and froGRO'‘s point of view
2.3.1 Assumptions and rules it is worthwhile to bargain with th&R(C in the hope of
reaching consensus.

12. Negotiation process in GRNM begins if only there
are at least two negotiators of the opposite type (i.e., one
negotiator of typ&RC and the other of typ€RO).

13. Negotiation consists of two stagdst negotiation
stageandsecond negotiation stage
14. A negotiator ageni makes initial agreement in
st negotiation stagéf either (i) the generated utility for
agent A by received proposaPZ; from its trading
partnerB is greater or equal than the generated utility for
agentd by its potential proposal to agehtor (ii) the sum
of generated utility for agerd by received proposal
partners) PE | from its trading partne® and market pressure value

' (i.e, GMP_valuethat addresses the amount of relaxation

4. All agents (including all resource consumers and nd is determined by ugjrFuzzy Grid Market Pressure

owners) are selfish. That is, during ne.,-g(.)tilatio.n, each agemgetermination System(see section 2.3.2)) is greater or
chooses its negotiation strategy maximizing its (EXpeCted)equal than the generated utility for agarty its potential

_utlllty; the assumption is logical, because the type of gameproposal to ager® (that is, an initial agreement can be

is non-cooperative  (negotiators make  decisions . \

independently) with an arbitrary, finite number of reach_ed_ if the offer _does _npt totally match the ager_wts
negotiation terms but is sufficiently close). The negotiation
process will be continued isecond negotiation stagé

Following all the assumptions and rules apply in
specifying theEAlternating offer protocolare addressed
[14]:

1. Time is discrete and is indexed by {0,1,2,...} — it is
alogical and believable assumption, which is also made in
other models ([18] and [22]

2. Grid resource negotiation progresses in a series offir
rounds.

3. Multiple pairs of negotiators can negotiate deals
simultaneously since each pair is in a negotiation thread
(We use the term “negotiation thread” for the single
bargaining between negotiator agehtand its trading
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the negotiator agem makes initial agreement ifirst GRNM'’s global condition and negotiator's conditions in
negotiation stageThis is because the agreement should beacquiring/leasing resourcedndition & event GMP
confirmed by both sides of negotiation thread not the only For determining the numerical value of the mentioned
one sideDetails of possible actions of negotiatboin first types of GMP three fuzzy decision controllers were
negotiation stagare described in [14]. designed [14]: a) Fuzzy Competitor_side GMP

15. A negotiator agend makes final agreement in determinator to determine the numerical values of
second negotiation stageThe objectives ofsecond Competitor_side_ GMP, b) Fuzzy TP_side GMP
negotiation stagere: a) design rational negotiator agents determinator to determine the numerical values of
that make at most one agreement (witbhasen trading  TP_side_GMPand c) Fuzzy Condition & event GMP
partner that its proposal generates the highest utility for determinator to determine the numerical values of
negotiator agen®) and b) keep the chance of making Condition & event_GMPThese three fuzzy controllers
agreement that generates the same utility as the one thamade Fuzzy Grid Market Pressure Determination
can be generated by the proposal of thesen trading  System (FGMPDS). Also the final GMP_value is
partner with other trading partners (this is useful determined by considering the average of outputuaky
especially in the case that tbleosen trading partner = Competitor_side GMP determinator, Fuzzy TP_side GMP
does not confirm the agreement which is madé bgnd determinator and Fuzzy Condition & event GMP
the negotiation does not successfully completed anddeterminatorto help negotiators in making near-optimal
should be continued in the next round). Details are decisions during negotiation process (means rationally, a
discussed in [14]. negotiator makes higher amount of concession as the value

16. If no agreement is reached, grid resource of the final GMP_valuetends to become one (maximum
negotiation proceeds to the next round. At every round, themarket pressure)).
negotiator offers appropriate concession using the The FGMPDSfor GRC_EMBDNAand GRO_EMBDNA
mentioned multi factors function. are named FGMPDS_GRC and FGMPDS_GRO

17. Negotiation between two negotiators terminates (i) respectively and the generic structures of them are shown
when a final agreement is reached, (ii) with a conflict in Fig.1. WhileFuzzyCompetitor_side GMP determinator
when one of the negotiators’ deadline is reached or (ii)and Fuzzy TP_side GMP determinatorparts of

one of the negotiators decide to leave the GRNM. FGMPDS_GRCare the same aBuzzy Competitor_side
18. At negotiation roundt in which t=t4.,qine GMP determinatoandFuzzyTP_side GMP determinator

negotiatorA would accept any proposal from ageéht Parts of FGMPDS_GRGOrespectivelyFuzzy Condition &

which gives it a utility not worse than zero. event GMP determinatoparts of FGMPDS_GRCand

19. When the negotiation ends, the history of FGMPDS_GRQare different. The reason is that the local
negotiation is stored- This may be a good augmentation ofconditions of resource consumer agents and resource
database for future work. owner agents are influenced by different factors.

A fuzzy decision controller is composed by 1) input and
2.3.2 Fuzzy grid market pressure determinationoutput variables, 2) &uzzification interface (F|) 3) a
system (FGMPDS) fuzzy rule base (RB)4) a fuzzy negotiatiodecision
making logic (DML) and 5) adefuzzification interface
According to [14]: The second distinguishing feature of (DFI). Similar to [15, 23-24] all the DFI(s) in [14] adopt
EMBDNAs is that they have the flexibility of relaxing the weighted average method [25]. Following the five
bargaining criteria in face of (intensefrid Market components of each part ofFGMPDS_GRC and
Pressure (GMP)to enhance their chance of negotiating FGMPDS_GRGare briefly discussed.
for resources more successfully and perhaps rapidly. In ) ] )
other world, the negotiation agents should be designed to2-3.2.1 FuzzyCompetitor_side GMP determinator
slightly relax their bargaining terms or bargaining criteria

(e.g., accepting a slightly lower price) by considering a A: In_put variable- Accor_ding to strategic_ reasons a
suboptimal (or slightly more expensive) resource that canN€gotiator agent has less information about its competitors,

be allocated more quickly rather than the best (less Ne€nce, the only relaxation criterion that can influence a
expensive) resource which may be more difficult to decision in the amount of relaxation of bargaining term
acquire” As the notions about parameters that make includes change in number of competita®8¢#). With a
GMP_valueare vague and uncertain to be expressed bylargeé number of competitors, an agent generally has a
crisp mathematical models, a fuzzy model can be alower chance of reaching consensus with its trading
suitable method to describe t&MVP_value Adabiet.al ~ Partner and is more likely to be under pressure, and hence
[14] considered three types of GMP: 1) GMP from is more likely to slightly relax its bargaining criteria.
competitors’ side Competitor_side_GMP 2) GMP from B: Output variable- The output is a numerical value of
trading partners’ sideTP_side_GMP and 3) GMP from  GMP from competitors’ side.
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Figl.a) An abstract view of EMBDNASFGMPDS GRC andb) An

abstract view of EMBDNASFGMPDS GRO. [14]

C: Fuzzification interface— Three fuzzy sets are defined
for output variable: I,M,H). That is, the output variable
has three fuzzy values: {L(low), M(moderate), H(high)}.
The linguistic terms of the membership functjqiix) that

22

F: Defuzzification interface (DFI} The DFI is used to
determine the crisp value @fompetitor_side_GMRjiven

its linguistic values with their respective membership
degree being obtained from thé®ML of Fuzzy
Competitor_side GMP determinator

2.3.2.2 FuzzyTP_side GMP determinator

A: Input variable-From trading partners’ side perspective
three relaxation criteria can influence a decision in the
amount of relaxation of bargaining terms: (a) Distance
betweerd's proposal and average 4f trading partners’
proposals PATPP#), (b) Change in number df s trading
partners CNTPA) and (c) Acceptance degree of mutual
behavior class between an agdrand its trading partners
(AD_MBCTP#). The rationale for considering criteria (a),
(b) and (c) are given as follow [14]Sihce the chance of
reaching consensus at the agent's own term will still be
low, if the difference between the agent and the terms of
all trading partners’ are very large (this cause that the
probability that the agents will obtain a certain expected
utility with at least one of its trading partners is low), it
will be under more pressure to slightly relax its
bargaining criteria with the hope of reaching consensus
with at least one of its trading partners. Furthermore, with
a few number of trading partners (i.e., low opportunity),
an agent generally has a lower chance of reaching

is used to assign the degree of membership for the value gfonsensus with at least one of its trading partners

Competitor_side_GMP is shown in Fig.2-(a). Also, the

(especially in stiff competition) and is more likely to be

fuzzy sets, fuzzy values and membership functions ofunder pressure, and hence is more likely to slightly relax

CNC# input of Competitor_side GMP determinatare as

its bargaining criteria. In addition, it is intuitive that

same as those fuzzy sets, fuzzy values and membershifiutual behavior (that should be clearly explained and

functions  of

Competitor_side_GMP

Competitor_side GMP determinator.

D: Fuzzy rule base (RB} The fuzzy rules that are shown
in Table 1 is consulted bfuzzy Competitor_side GMP

determinator

E: Fuzzy negotiation decision making logic (DML)BY

output

modeled) of the trading market participants of different
types (i.e., one seller and one buyer) has great influence
on the result of trading, this means that seller_buyer pair
with suitable mutual behavior (which can be derived by
analyzing previous markets that both participated) has
higher chance to reach consensus and make deal in

consulting the fuzzy rules in RB (see Table 1), the DML current market. Hence, a negotiator agent A that finds a

infers the linguistic value d€ompetitor_side GMRnNd its
corresponding membership degree Caihpetitor_side

few number off — B pairs with suitable mutual behavior
class (i.e., lowAD_MBCTP#) has lower chance to make

GMP) from the linguistic values and membership degreesan agreement and is more likely to relax its bargaining

of the fuzzified

Table 1.Fuzzy rules consulted ByzzyCompetitor_side GMP

iNPUCNCA.

determinator The output iCompetitor_side_ GMPL4].

IF Then
No CNC output
1 L L
2 M M
3 H H

2015 International Journal of Computer Science Issues

criteria to reach an agreement.

B: Output variable- The output is a numerical value of
GMP from trading partners’ side.

C: Fuzzification interface— Four fuzzy sets are defined
for output variable: §¥,L,M,H). That is, the output
variable has four fuzzy values: {N(negligible), L(low),
M(moderate), H(high)}. The linguistic terms of the
membership functioq, (x) that is used to assign the
degree of membership for the valueTdf_side_GMP is
shown in Fig.2-(b). Also, The fuzzy sets, fuzzy values and
membership functions dATPP# and CNTPA inputs of
TP_side GMP determinatoare as same as those fuzzy
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sets, fuzzy values and membership functionsC€2
input of Competitor_side GMP determinatdn addition,
while the membership functions AD_MBCTP# input of
TP_side GMP determinatorare as same as the
membership functions @NC2 input of Competitor_side
GMP determinator three different fuzzy setsG(BL,B)
and three different fuzzy values: {G(good), BL(balance),
B(bad)}are defined foAD_MBCTPA.

D: Fuzzy rule base (RB} The fuzzy rules that are shown
in Table 2 is consulted byfuzzy TP_side GMP
determinator

E: Fuzzy negotiation decision making logic (DML)BY
consulting the fuzzy rules in RB (see Table 2), the DML
infers the linguistic value ofTP_side GMPand its
corresponding membership degred i (side GMFP from

23

ranked the highest by its trading partner in face of high
degree of competition), it will be under more pressure to
slightly relax its bargaining criteria with the hope of
completing a deal.

B: Output variable- The output is a numerical value of
GMP from both GRNM’'s global condition and
negotiator’s conditions in acquiring resources.

C: Fuzzification interface— The fuzzy sets, fuzzy values
and membership functions dfizzy Condition & event
GMP determinatomoutput are as same as those fuzzy sets,
fuzzy values and membership functionsTéf_side GMP
determinator output. The fuzzy sets, fuzzy values and
membership functions ®&NCSCTZ input of Condition &
event GMP determinatcare as same as those fuzzy sets,
fuzzy values and membership functionsCiC2 input of

the linguistic values and membership degrees of theCompetitor_side GMP determinatofzour fuzzy sets

fuzzified inputsDATPP®, CNTP2 andAD_MBCTPA.

F: Defuzzification interface (DFI} The DFI of Fuzzy
TP_side GMP determinatas used to determine the crisp
value of TP_side_ GMPgiven its linguistic values with

(N,L,M,H) are defined for bothFS, and DF, input

variables. That isE'S, and DF, input variables have four
fuzzy values: {N(negligible), L(low), M(moderate),
H(high)}. The linguistic terms of the membership

their respective membership degree being obtained fromfunctionsp; (x) andp, (x) that are used to assign the

the DML of FuzzyTP_side GMP determinator

Table 2.Fuzzy rules consulted ByzzyTP_side GMP determinatofhe
output isTP_side_ GMH14].

No| I And And Then [, | I And And Then [ [ IF E And Then
7| DATPP _CNTP _AD MBCTP _ouput | ™° | DATPP _CNTP _AD MBCTP _ougur | ~° | DATPP _CNIP _AD MBCIP _ougut
T L BL N 3 M M G L |5 H L BL M
2 L M G N 9 H L G L |16 H MvE G M
3| LvM L G N | L MvH B M |17 v H BL M
4 L L B L Ju|MvE L B M |18 MvE H B H
5 L M BL L 12| MvE M BL M || H M B H
6 L H G L 3| M M B M |0| H H BL H

7 M L BL L Ju] M H G M

2.3.2.3 FuzzyCondition & event GMP determinator
of FGMPDS_GRC

A: Input variable-Three relaxation criteria frommondition
& event side’'s GMP perspective that can influence a

degree of membership farS, and DF; are shown in
Fig.2- (c) and Fig.2- (d) respectively.

D: Fuzzy rule base (RB} The fuzzy rules that are shown
in Table 3 is consulted biyizzyCondition & event GMP
determinator

E: Fuzzy negotiation decision making logic (DMLBY
consulting the fuzzy rules in RB (see Table 3), the DML
infers the linguistic value afondition & evenside’sGMP
and its corresponding membership degreeopdition &
event side’s GMP) from the linguistic values and
membership degrees of the fuzzified inptifs, DF, and
RNCSCTA.

F: Defuzzification interface (DFI} The DFI of Fuzzy
Condition & event GMP determinataf FGMPDS_GRC

decision in the amount of relaxation of bargaining termsis used to determine the crisp value @bndition &

include (i) Recent statistics in failing/succeeding in
acquiring resources KS; ), (i) Demand for computing
resources PF,) and (iii) Ratio of a GRC_EMBDNA's
competitors to sum of numbers of GRC_EMBDNA's
competitors and trading partneBNCSCT). The first and

second relaxation criteria are derived from [15]. As

event_GMPof FGMPDS_GRQgiven its linguistic values
with their respective membership degree being obtained
from the DML of Fuzzy Condition & event GMP
determinatorof FGMPDS_GRC.

2.3.2.4 FuzzyCondition & event GMP determinator

mentioned in [15], the idea behind definition of these two
criteria is tha'E if]a GRC is less successful in acquiring of FGMPDS_GRO

resources recently to execute its set of tasks will be unden: Input variable- From condition & eventside’s GMP

more pressure to slightly relax its bargaining criteria in the perspective three relaxation criteria can influence a
hope of completing a deal, also if it has a greater demandjecision in the amount of relaxation of bargaining terms:
for computing resources it is more likely to be under more (j) Utilization level UL,), (i) Request factor KF,) and
pressure to slightly relax its bargaining criteria. In (jii) Ratio of a GRO_EMBDNA’s competitors to sum of
addition, if the ratio of total number of GRC_EMBDNA's numbers of GRO_EMBDNA's competitors and trading
competitors versus the sum of total number of partners RNCSCT2). The first and second relaxation
GRC_EMBDNA's trading partners and competitors tends criteria are derived from [15]. As mentioned in [15], the
to one (i.e., a GRC_EMBDNA has a lower chance of jdea behind definition of these two criteria is that if more
reaching a consensus at its own term with a few number obf GRO's resources are currently being used to execute its
trading partners and also has a lower chance of beingwn tasks or have already been leased to other GRCs (i.e.,
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theUL; is high) , then GRO is less likely to slightly relax F: Defuzzification interface (DFI} The DFI of Fuzzy

its bargaining term, also if there are fewer recent demand<Condition & event GMP determinataf FGMPDS_GRO
from GRCs to lease its resources (i.e., Rfgis low), a is used to determine the crisp value ©@bndition &
GRO is more likely to slightly relax its bargaining criteria event_GMPof FGMPDS_GRQgiven its linguistic values
since it is under more pressure to trade its idle resourceswith their respective membership degree being obtained
In addition, if the ratio of total number of from the DML of Fuzzy Condition & event GMP
GRO_EMBDNA's competitors versus the sum of total determinatorof FGMPDS_GRO.

number of GRO_EMBDNA's trading partners and

competitors tends to one (i.e., a GRO_EMBDNA has a ]

lower chance of reaching a consensus at its own term with3. Proposed approach for evolving relaxed-

a few number of trading partners and also has a lower criteria rules

chance of being ranked the highest by its trading partner in

face of high degree of competition), it will be under more As previously discussed, the EMBDNA negotiator agents
pressure to slightly relax its bargaining criteria with the [14] is equipped with a fuzzy decision controller to slightly

hope of completing a deal. relax their bargaining criteria in the face of intense GMP,
but the relaxed-criteria fuzzy rules are manually
Table 3.Fuzzy rules consulted ByzzyCondition & event GMP constructed by using knowledge of experts. The

determinatorof FGMPDS_GRCThe output iondition & event. GMP

[14] construction of the relaxed-criteria fuzzy rules based on

the appropriate expert knowledge can be quick and

Y otser B wn e | et B bR o || ater B tR e effective. On the other hand, it is difficult to find a fixed
1 L N NvL N 9 M L NvLvM L 17 H N MvH M . . .

2| b wwve NN f)ow o owmm N 1|3 B L Lyw M set of fuzzy rules that is suitable for all different types of
4 L NvMv M L 1 H - N L 20 M H H H .

A S A A A E RO electronic markets. As the system structure of EMBDNA
sl % r PRl % & M[EE R e & negotiator agents [14] remained generally fixed in

B: Output variable- The output is a numerical value of unpredictable market conditions, it is essential to design

GMP from both GRNM’s global condition and new negotiation _agents_tha_lt not only use fuzzy ”_”_es to
. \ i . . relax their bargaining criteria but also have the ability to
negotiator’'s conditions in leasing resources.

C: Fuzzification interface— The fuzzy sets, fuzzy values evolve their structures by .Iearning. new relaxed-criteria
and membership functions dtizzy Conditi,on & event fuzzy rulgs_ to er_lhance the!r negonatlon _performgnce as
. they participate in negotiations in a series of different
GMP determinatooutput are as same as thos.e fuzzy Sets’electronic markets. To construct adaptive and self
determinator output. The fuzsy sets, fuzry values and "MPIOVING negotiation agents operating in a series of
membership functions oRF, and UL, inputs of fuzzy electronic markets an evolutionary approach that invokes a
Condition & event GMP determinataf FGMPDS_GRO
are as same as those fuzzy sets, fuzzy values an§
membership functions diF; input of fuzzyCondition &
event GMP determinatoof FGMPDS_GRC.Also the
fuzzy sets, fuzzy values and membership functions of
RNCSCT# input of fuzzy Conditon & event GMP
determinator of FGMPDS_GROare as Sa_me as _those Table 4.Fuzzy rules consulted bByzzyCondition & event GMP
fuzzy sets, fuzzy values and membership functions of determinatoof FGMPDS_GROThe output iCondition & event_GMP

escription of BBO and b) a description of the proposed
evolutionary procedure that invokes BBO algorithm for
evolving and adapting relaxed-criteria fuzzy rules in
details.

RNCSCT? input of fuzzy Condition & event GMP - _ [133- - o
determlnatOI‘Of FGMPDS_GRC '\TDR){LLSET L& RHF i '\9" ml;cr L[;L, H_F ot :f m«;(r ﬁ- LRVFM ugar
D: Fuzzy rule base (RB) The fuzzy rules that are shown || [ v v & |8 &8 2 aix & [8len 1 3
. . . 4 L M NLvM L |12 L NvL N o H M N H
in Table 4 is consulted bfyzzyCondition & event GMP slowoow MR lEl N w N MR E 0§ s w
determinator iloM  f e L] % 0% B

E: Fuzzy negotiation decision making logic (DML)BY

consulting the fuzzy rules in RB (see Table 4), the DML 3.1Biogeography-based optimization (BBO)

infers the linguistic value afondition & evenside’sGMP

and its corresponding membership degreeopdition & Biogeography Based Optimization [26] is a population

event side’s GMP) from the linguistic values and based global optimization technique based on the science

membership degrees of the fuzzified inplifs, RF, and of biogeography, i.e., study of the distribution of animals

RNCSCTA. and plants among different habitats over time and space.
The environment of BBO corresponds to an archipelago,
where every possible solution to the optimization problem
is an island (or habitat) [27]. In BBO, the island’s features
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that characterize habitability are called suitabilityex Fuzzy Condition & event GMP determinatddso recall
variables (SIV). The goodness of each solution is called itsthat while FuzzyCompetitor_side GMP determinatand
habitat suitability index (HSI). A good solution is Fuzzy TP_side GMP determinator parts  of
analogous to an island with a high HIS, and a poor FGMPDS_GRCare the same aBuzzy Competitor_side
solution represents an island with a low HSI. High HSI GMP determinatoandFuzzyTP_side GMP determinator
solutions resist change more than low HSI solutions. Theparts of FGMPDS_GROespectively,Fuzzy Condition &
method to generate the next generation in BBO is byevent GMP determinatoparts of FGMPDS_GRCand
immigrating solution features to other islands, and FGMPDS_GRO are different. The authors focus on
receiving solution features by emigration from other evolving the relaxed-criteria rules BtizzyTP_side GMP
islands. High HSI solutions tend to share their featuresdeterminator and Fuzzy Condition & event GMP
with low HSI solutions. Logically, poor solutions accept a determinator Hence, in the case of evolving fuzzy rules of
lot of new features from good solutions. Each solution is Fuzzy TP_side GMP determinatoy Fuzzy Condition &
modified based on other solutions. It means that, eachevent GMP determinatopart of FGMPDS_GRCand
habitatH; has immigration ratd; and emigration rate Fuzzy Condition & event GMP determinatgart of
u; . Suppose thak'th habitat (i.e.H, ) is selected to be = FGMPDS_GRQhe rule seR, is as same as the rule set of
modified. Thed, of H, is used to probabilistically decide Table 2, Table 3 and Table 4 respectively. At any relaxed-
whether or not to modify eacH,,'s SIV. If a given SIV in criteria fuzzy rules evolution and adaption just one fuzzy
a given solution is selected to be modified, then the controller part of FGMPDS_GRC (respectively,
emigration rateu; of the other solutions are used to FGMPDS_GRQis picked and the evolution and adaption
probabilistically decide which of the solutions should procedure of fuzzy rule set is started to create new fuzzy
migrate a randomly selected SIV to solution. Then rule set while the fuzzy sets of other fuzzy controller parts
mutation is performed for the whole population in a of FGMPDS_GRC (respectively, FGMPDS_GRQ® are
manner similar to mutation in Genetic Algorithm (GA). hold same as before. During the negotiation process in
According to [27]: ‘After tests on many benchmarks, and electronic marketM, , EMBDNAs adoptR, as their
comparisons with many other widely used heuristic relaxed criteria rule sets in their fuzzy decision controllers
algorithms like GAs, stud GAs, and others, BBO for determining if agreements should be reached. By
outperformed most of the other algorithms on most of theterminating the negotiation processMyf, the crisp values
benchmarks so BBO is a perfect choice for evolving the of inputs and output of fuzzy controller that have
relaxed-criteria fuzzy rules of EMBDNAS. successfully reached agreements are recorded as a data set
D,. For example, if th&uzzyTP_side GMP determinator
is picked and the evolutionary procedure is started for
learning effective relaxed-criteria negotiation rules, the
data setD, is constructed based on the crisp values of
three inputs ofFuzzyTP_side GMP determinatdn names
DATPP#, CNTPAandAD_MBCTPAand one output dfuzzy
TP_side GMP determinaton nameTP_side GMP value
of EMBDNAs that have successfully reached agreements.
= . Nt e Also, if the Fuzzy Condition & event GMP determinator
@ ' w - part of FGMPDS_GRCis picked and the evolutionary
Fig 2. (a) Linguistic terms of the membership functipf(x), (b) procedure is started for learning effective relaxed-criteria
Linguistic terms of the_ membgrship functipf(x),(_c) Linguistic terms negotiation rules, the data $&fis constructed based on
of the membership functiqn (x), (d) Linguistic terms of the the crisp values of three inputskfizzy Condition & event
membership functiop,(x) [14].

GMP determinatorin namesFsS,, DF, and RNCSCTA and
3.2Evolutionary procedure for evolving and adapting ©ne output offuzzy Condition & event GMP determinator
relaxed-criteria fuzzy rules in namecondition & event side GMP valus EMBDNAS

that have successfully reached agreements. By having both
An evolutionary procedure (see Fig. 3) is designed top, and R the proposed BBO-based solution (see section
improve the negotiation outcomes of EMBDNAs by 3.2.1) is invoked to evolve and adapt a set of new fuzzy
evolving their relaxed-criteria fuzzy rules as they rules and thé, and R, are used as inputs of BBO. The
participate in negotiations in more electronic markets output of the BBO-based solution is a set of newly evolved
{My,M,,...}. First of all, a seR, of manually designed  fuzzy rules which replaces some of the ruleggjno form
relaxed-criteria fuzzy rules is generated. We should a new rule seR,. The process continues such that at each
highlight that EMBDNA is designed with three fuzzy p;: a) EMBDNAs adopR; as their relaxed-criteria fuzzy
controllers in  names:Fuzzy Competitor_side GMP  ryle set, b) by terminating the negotiation procesi;of
determinator Fuzzy TP_side GMP determinatorand  the crisp values of the inputs and output of fuzzy decision
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controller of EMBDNAS, that is picked to evolve itszkzy AD_MBCTP# respectively and the value domain for both
rule set, that have successfully reached agreements arey,andm, is {0,1,2,3} whereas “1”, “2” and “3” are used
recorded as data sBt and c) using bot®; and R; as to represent the fuzzy values “L”, “M” and “H",
inputs, the BBO is invoked to evolve a new set of fuzzy respectively, “0” represents that the corresponding variable
rules which replaces some of the rule®jrtio form a new  does not appear in the fuzzy rule and the value domain for
rule setR;,, which will be adopted by EMBDNAs in  mjis {0,1,2,3} whereas “1”, “2” and “3" are used to

M;,q. represent the fuzzy values “G”, “BL” and “B”,
respectively, “0” represents that the corresponding variable
3.2.1Proposed BBO-based solution does not appear in the fuzzy rule. In addition, the value

. . . . . d in f for all three fi trollers is {0,1,2,3,4
This section contains the BBO-based solution (see Fig. 4M%r2$250“r$4 gr 61‘.3,, ;i% }‘Jj,z);r?zggde{z Irsei)resent t%e

that is proposed for evolving relaxed-criteria fuzzy rules. fuzzy values “N’, “L”, “M” and “H", respectively, “0”

First of all, the encoding and decoding methods of t_herepresents that the corresponding variable does not appear
proposed BBO-based solution are described. FoIIowmgin the fuzzy rule. For example, string “1211" ffzzy

the initial population generation, HSI calculation, three TP side GMP determinatorepresents the ruleF

operators in names migration operator, mutation operatoiy ATpp isi. and CNTP isM and AD MBCTP isG then
and repair operator are discussed. At the end the eIitisml-P Side GMP i$\" and string “3012" of fuzzyCondition
parameter is mtroduceq. . . & event GMP determinatoof FC_EMPDS_GRCrepresent
Encoding Relaxed-criteria rules as SIVdn this paper, following four rules: ajF RNCSCT isH andFs, is N and
we encode relaxed-criteria rules as string with fixed DF. is N then Condition & event GMP is*.t. b_) IE
t ’

length. Each string is an abstract representation of 3NCSCT isH andFs, is L andDF, is N then Condition

relaxed-criteria V\fﬁérzg rule 22% IS re""rjes;rear:fdtheas & event GMP isL, c) IF RNCSCT isH andFS, is M and
MMMz MMMy M, My ms r€P DF, is N then Condition & event GMP it and d)IF

antecedents anwet, represents the conclusion of a fuzzy . . . "
rule. Recall that each fuzzy control systemF&EMPDS zlis/:esn(t:-lc—sll\jg ig?dFSt is H andDF; is N then Condition

(from both GRC and GRO sides) that is pickedtfie ii. Decoding SIVs to relaxed-criteria rulesEach string

evolutionary procedure for evolving relaxed-criteria fuzzy S
; can be decoded to one or several relaxed-criteria rules
rules has three inputs and one output, hence the abstract

. . ontaining three variables in the antecedent and one
representation of a relaxed-criteria fuzzy rule can be use

for a fuzzy rule in all three fuzzv controller svstems. The ariable in the conclusion. Recall that, since “0” in a string
y izzy c Y : represents that the corresponding variable does not appear
value domain for each variable in the antecedent and

conclusion of a fuzzy rule depends on which fuzzy in a fuzzy rule, the variable can be mapped into any value

. .7 in the domain. For example, considering a string 2210
controller system is evolved. It means that, by con5|der|ng,[hat represents a rule ofuzzvCondition & event GMP
fuzzy Condition & event GMP determinatorof P y

FGMPDS_GRCthe stringm; , m, and m; represent ?OeJre:jrir#gzrﬂécr)]:chlllleFSGMPDS_GRCcan be translated into
A - . .

FNCSCTt » ES; andDFErespeg:m’/’el‘}/ and éh“e value dorgalr]ii_ Initialization of the population (n islands)The size of
or my 1S {?]’1}2’3} W Treas“L”l M2 ar(; H3 are use Ito population (i.e.POPSIZE is set to 100 [24]. All the rules
ng)resentt et utzhzytvtiues ' g_n ,_retjpegtlve Y: in R, are copied into the initial population as part of the

reprgserrlls f a elcor_respon 'rr:g variable does rg)thabitats. Additionally, other new habitats are randomly
appear in the fuzzy rule (i.e., each string may enco €generated, with the values for each variable randomly
several different rules) and the value domain for both generated from the value domain [24]
mpandms is {0,1,2,3,4} whereas 17, 2", *3" and "4 are , "liq| fynction: In this paperthe HSI of each habitah

used to repre:se,:’nt the fuzzy values *N", *L", “M".and H with a string ‘m,m,mym,” is calculated as Eq. (10) [28]:
respectively, “0” represents that the corresponding variable

does not appear in the fuzzy rule. By considefipy  HS|(m)=———x——
Condition & event GMP determinataf FGMPDS_GRO TP+EN EP+TN
the stringm,, m, andm, represenRNCSCT#, UL, and where according to [24] A data record is positive (P) if
RF, respectively and the value domain for, is as same it is covered by m, and it is negative (N) if it is not covered
as the value domain fom, in fuzzy rule of fuzzy by m. If a data record is predicted to be P (i.e., the
Condition & event GMP determinatmf EGMPDS GRC  antecedent is covered by m, and it is predicted that m also
and the value domain fon, and m; is as same as the covers the conclusion) and the outcome is actually P (i.e.,
value domain form, (or ms) in fuzzy rule of fuzzy the conclusion is actually covered by m), then it is called a
Condition & event GMP determinataf FGMPDS GRC. true positive [29]. However, if the conclusion is actually N
Also, by consideringuzzyTP_side GMP determinatdhe (i.e., the conclusio_n_ is actually not covered by m)_, then it is
string m, , m, and ms representDATPPA , CNTP? and called a false positive. Conversely, a true negative occurs

TN

(10)
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when a data record is predicted to be N (i.e., the #FE(@) (12)
antecedent is not covered by m, and it is predicted that the n

conclusion is also not covered by m) and the outcome iswherel is the maximum possible immigration rate;is
actually N (i.e., the actual conclusion is not covered by m).the maximum possible emigration rakgs the number of

A false negative occurs when a data record is predicted tospecies of théth habitat;n is the maximum number of
be N but the outcome is actually P. Hence, TP (true specie which is set to population size.
positives) [29] is the number of data records that are

covered by the antecedent and conclusion of m. FP (falsgPrecedure for evolving relaxed-criteria rules

. Manually design a fuzzy rule sst £, containing fuzzy rules (see Table 2)

positives) [29] is the number of data records that are 2. Incorporate R, into the Tuzzy TP side GMP determinator of EMBDNAs end simulate the

negolialion process of FMBONAS in e-markel M,

covered by the antecedent but not the conclusion of m. TN & Record the ensp valuss of DAIFE CN 1AL MEC X, and 1P side GhiE of EMBUNAS that

have rzached agreements as a data sat 0,

(true negatives) [29] is the number of records that are not 4. St e leraton count /0.

. . While not stop,

covered by both the antecedent and conclusion of m. FN @ Invoke precedure BBO[K, 1) 1o evoive & sal of new fuzzy rules

. . b. Replace the comresponding rules in 2, with the newly cvolved tuzzy rules, and copy all the
(false negatives) [29] is the number of records that are ules i @ e Tuzzy rule set Ky,

, . . 5 €. Incorporata K, into the Fuzzy TP_side GNP detarminator of EMBDNAs and simulate

covered by m’s conclusion but not its antecedeiite the negoliaiion process o CMDDNAS i e-markel /1.

. e d. Record lhe aisp values of DATPP,CNTP AN MBCTP. end TP_side GAP of EMBEDNAs
next two decisions that should be made are: a) how a dat ihat hava reachad agroemonts as & data set 0,

e Increment by 1

recordd is covered by the antecedent of habitaand b)
how a data record is covered by the conclusion of habitat

QO

. .. Procedure for evolving relaxed-criteria rules
m. Both the first and second decisions are made based o 1. Manually design a fuzzy rule st &, containing fuzzy rules (see Tablz 3)
. 2.1 te £y into the Fi Condition & t GMP det ator of CMDDNA: d la
[24] as follows:a) If MiN{umg (0), e (A), g (da)} > &, S o RS ENEDNAS B by .
ok - - 3 2 Crisp va RMNCSCT, I, DF, Conditior 1t G
then it is considered that data recaris covered by the L e AR B
antecedent of habitan (if m = 0, thenuy, (d) is ignored Pl s ey
;  Invoke procedure BBO(K,,0,) to avolve a set of new f los.
and deleted from the formula n{mnl (dl)uumz (dZ)! Hm3 z g;;lagcgﬁg:grlzasponc'h:ﬁgml:s?:c;efvs;?hanmﬂgdfuzy rules, and copy all the
- . it ; les in t fuzzy e sel R,,,.
(d3)}! I = 1’ 21 3)! b) If Hma (d4) > ¢, then it IS. ConSIdere.d c Ir;ceosr;;gr:é 3?,“{ ilrllg‘;rrbeelziaﬂyﬂf.‘md\tm&evem GMP determinator of EMBDNAs and
late the n2gotiat; of EMBDNAS rket M,..,
that data record is covered by the conclusion of habitat . Rotor i crep values of FNCSC] S, DF, and Condiion & event_GAE of EMBUNAS
m. The inputs of fuzzy controller system are represented o |8 e et sl e B

by dy, d, andd; and the output of fuzzy controller system is

) . . . b
represented by,. If the crisp value ofith variable isd; . —
) . L7 ) N Procedure for evolving relaxed-criteria rules
and its linguistic value is represented i = 1, 2, 3, 4), 1. Manuall dosign a fuzzy rue sel &, confaining fuzzy ules (see Table d). |
. . . " ncorporate R, Into the Fu: ondition even eterminator of and simulate
Umi (di) denotes the membership degree ofithevariable. , gengﬂamn pmcﬁssofﬁ%noNsAg nomarctMy P of EVBONAS that
. . 3 ULy, RE, f Gl [i

The threshold is set to 0.5 [24]. For the benefit of readers hawe roached agroements as a data Set g, i
an example is provided. Suppose thatzyTP_side GMP S Wnile ooy, /0

R H H H H Invok d BBO(R;,D;) t | t of fi les.
determ|nat0r|s p'Cked |nthe eV0|Ut|0nafy procedure for g S;gla?rgrt?eecgrrre(‘aspungwﬁngyrdle.;el’;?zﬁiﬁrflerl:ngsvlm;:\Zfixfenéefzﬂyru\es and copy all the
eVOIVing relaxed'criteria fUZZy rU|eS' The habimt: [ {:gsr;;grtgtg;exgﬁg&;rzgl?zzgelébndition&eventGMPdetemmator of EMBDNAs and
1 n g H i imulate thy tiati f EMBDNAS in e-market M, ,
2212 represents the rU|eP DATPP ISM anq CNTP IS d ESCi?delheec:iigovgllﬁg %rfoi;(;féSoCT,UL[‘HH c:ﬁ;(;r!::i:ru‘t:on&everJLGA{P of EMBDNAs
M and AD_MBCTP isG then TP_Side GMP ik”. If we that have reached agreements as a data set 0,

- —_ e ncrement /by 1.

have data record = {0.2, 0.4, 0.1, 0.05} then yy(dl) =

0.8, anduny (d4) = un(0.05) = Q15. According to the Fig 3.a) Procedure for evolving relaxed-criteria rulesazzyTP_side

values of is(d1). ie(d2) anda(d3) the mirusl (1), P Seenaory) Prece o s e s of

pn2 (d2), 3 (d3)} = 0.4 < ¢, henced is not covered by c) Procedure for evolving relaxed-criteria ruleg=azzy Condition &

the antecedent ah. Also according to the value ofy event GMP determinatgrart of FGMPDS_GRO

(d4), d is not covered by the conclusion wof (i.e., um4

(d4) =Q015< ¢). vi.Mutation operator: The purpose of mutation is to increase
v.Migration operator: As mentioned previously, each diversity among the population. The mutation probability

habitatH; has immigration raté; and emigration rate, . is inversely proportional to the solution probability [26],

Good solutions have high emigration rates and low and is defined by Eq (13):

immigration rates. Bad solutions have low emigration rates P;

and high immigration rates. Through various migration ™ = Mmax @ Pmax (13)

models [30] in the biogeography, every habitat can get
different immigration and emigration rates. In this paper
the immigration ratd; and emigration ratg, is calculated

as Eq. (11) and Eq. (12) respectively [26] :

where m,,,, IS the user-defined maximum mutation

probability, P,., = argmaxP;,(i=1,..,n), n (n is

population size), ang; is the solution probability. More

details can be found in [26].

li:|(1-@) (11/ji. Repair operator:As “0” may appear in habitats, some of
n the habitats may be invalid and should be modified. There
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are three cases that result in an invalid fuzzy (ole

28

competitors and trading partners) and simulate the

habitat): 1) all the values in the antecedents are zero, 2) thentrance of agents to the GRNM following a uniform
value of conclusion is zero and 3) all the values of distribution.

antecedents and conclusion are zero. To overcome this

problem therepair operator[31] is introduced. Two tasks 4.3 Experimental scenarios

should be done by repair operator: first, it validates the )
antecedent and conclusion of habitat in the population of " the experiments, EMBDNAs and Ev_MBDNAs were

rules and second corrects the antecedent and/or conclusioﬁUbjeCted .to different market densities, different market
(i.,e., GRC_favorable, Balanced and

of the invalid rules. If the first case of invalid fuzzy rule is types . . .
deadlines, different time

detected, a nonzero value in the domain will be randomeGRO—favorapm diﬁergnt .
introduced by repair operator to a randomly picked preferences (i.ed) and different grid loads. Although both

position. If the second case of invalid fuzzy rule is EV—MBDNA—GRC and E.V—.MBDNA—GRO a_gents are
detected, repair operator will modify the conclusion to a augmented with fuzzy decision controller to slightly relax

random nonzero value in predefined value domain. If the;Ehe'r baTgalr;)mg criteria andl eyolve tggg rellaxe_dr;crltirla
third case of invalid fuzzy rule is detected, the repair 'UZZY rules by using an evolutionary algorithm, but

operator modifies both antecedent and conclusion parts ofVithout 10ss of generality and because of lacking enough

a rule by using the two mentioned correction techniques. Epatli\ﬁ,BDilt\lASU:ficeSthtO demo?strat;-:Gg(e: proptertises of
viii. Elitism parameter: The termination criterion of 450 V_ S Irom e perspective o agents. >o we

iterations is set for the BBO. It should be reported that (I:E(\)/mlj\/lljéltjlilvxoa:l)épegRgf aexeﬁgrgfgti/:lé)DNG Esc[:lgige;rfg Sre
generally the coverage is reached more rapidly. = 9

GRC agents are EMBDNAs and GRO agents are
MBDNAS[19]. The reason that in the first (respectively,
second) experiment just GRC agents are considered as
Ev_MBDNAs (respectivelyy, EMBDNAs) while GRO
4.10bjectives agents are considered as MBDNAs is based on a common
assumption in microeconomics, namalgteris paribus
A series of experiments was carried out to compare the[32]. According to [32]: the effect of a particular factor
performance of Ev_MBDNAs (that have the flexibility of can be analyzed by holding all other factors congtahsé
evolving their relexed-criteria fuzzy rules by using the mentioned before the purpose of the experiment is to
proposed BBO-based solution) with EMBDNASs [14] (i.e., compare the performance of Ev_.MBDNAs of type GRC
MBDNAs [19] with relaxed-criteria fuzzy rules that are against EMBDNAS, it seems prudent to avoid any possible
manually constructed to make relaxation decision in faceinfluence on the negotiation outcomes when negotiation
of (intense) GMP) in a very wide variety of test agents of type GRC make relaxation. Hence in our
environments. While the relaxed-criteria fuzzy rules of experiment GRO agent are programmed as MBDNAs
Ev_MBDNAs are evolved and adapted using the proposedhecause MBDNAs are not designed with relaxation ability.
BBO-based solution, the same set of fuzzy rules for
EMBDNAs is used throughout the different series of 4 4 Experimental setting
electronic markets.

4. Experimental results

All the following input parameters required for setting grid
4.2 TestBed ;imulation testbed gnd their pos;ible values are presgnted
in Table 5:a) the grid load(which is represented by Grid_
To evaluate the performance of Ev_MBDNAs against load symbol)b) the e_market types) job size (measured
EMBDNAs [14], a testbed is developed. Implemented in (MI)), d) negotiation deadline for a GRC agent to
using C++, the testbed consists of: 1) a virtual e_market,complete its negotiation process. The reason for choosing
2) a society of negotiation agents comprising the range [10-70] for GRCs’ negotiation deadlines is that,
Ev_MBDNAs and EMBDNAs; and 3) a controller agent.  in experimental setting it was found that for veort
1)Virtual e_market:In a virtual e_market, negotiation deadline (<10), very few negotiation agents that follow the
agents have one of the following roles: GRC or GRO. relaxed-criteria protocol can complete deals and also for
2) Society of negotiation agentTwo kinds of deadline>70, there is little or no difference in performance
negotiation agents: EMBDNAs and Ev_MBDNAs are of two types of agent®) the total resource capacity of a
simulated. GRO agent (measured in (MIPS}),Market density and
3)Controller agent: The controller agent generates g) time-dependent strategyThe values of the most
negotiation agents (EMBDNAs and Ev_MBDNASs), mentioned parameters that are usedonduct simulation
randomly determines their parameters (e.g., their roles asire derived from ([26, 44-45, 47]). Also Table 5 illustrated
either GRC or GRO, initial prices (IP), reserve prices the simulation characteristics. More details can be found in
(RP), negotiation strategies A)( deadlines, their [14].
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Procedure BBO (R, D))
1. Set the generation counter g to 0.
2. Set POPSIZE to 100
3. Copy all the rules in R, to POP(0).
4. Setthe number of habitats N in POP(0) to be the number of rules in R,
5. While N<POPSIZE,
a. Randomly generate a habitat for POP(0)
b. Execute Repair operator for the new habitat.
c. Increment Nby 1

Calculate HS| value for each habitat in POP(0) from D,

‘While the maximum number of generation is not reached

{
a. Copy all the habitats in POP(g) into a temporary population TPOP(g).
b. Compute immigration rate A and emigration rate y for each habitat in POP(g) based on HSI
c. For each habitat in POP(g)

{

~e

I. For each SIV
{

1. Select habitat H, with probability o A;
2. It H, is selected then

{
a. For all habitats in POP(g) except H;
{

i Select habitat H; with probability «
ii. I H, is selected then
{
1. Execute Migration operator and H,(SIV )«
2. Execute Repair operator for habitat H,
3. Copy H, 1o 'th habitat of TPOP(g)
}

H,(SIV).

}
3. Select H,(5/V) based on mutation probability m,
4. MH/(SIV)is selected then
{
a. Execute Mutation operator for H,(SIV)
b. Execute Repair operator for habitat H,
c. Copy H, to i'th habitat of TPOP(g)
}

}
ii. Recomputed HSI value.
)
d. Elitism
e. Copy TPOP(g) to POP(g+1) to oblain a new population POP(g+1)
. Increment g by 1

}
8. Decode the best habitats into relaxed-criteria rules and return the rules.

Fig 4. BBO-based solution for evolving relaxed-criteria fuzzy rules.

Table 5.Input parameters for setting grid simulation testbed and their
possible values [14].

29

the objective of this paper is to compare the performance
of the proposed negotiation agents Ev_MBDNAs with
EMBDNAs [14] the performance metrics that are
considered in our study are as same the ones in [14]. The
performance measures are summarized in Table 6.

4.6 Observations

The negotiation activities are simulated in a series of 300
consecutive e_markets. Even though an extensive amount
of stochastic simulations was carried out for all the
combinations of the input data, space limitation preclude
all results from being included here. Hence, this section
only reports the results for experiments conducted in dense
market. Furthermore, the results of the last twenty
consecutive e_markets are plotted in the figures of
simulation results. The reason is that, in the first several
e _markets the Ev_MBDNAs do not outperform
EMBDNAs as most of the manually designed relaxed-
criteria fuzzy rules were used by them. However, by
negotiating in more e_markets, new relaxed-criteria fuzzy
rules were evolved which lead to a significant
improvement in the performance of Ev._MBDNAs against

EMBDNAS.
Table 6.Performance measures [14].

Agent fype GRC GRO
NERT -

L2y (Ve

Swceess rate

Resonrce uiilization level ¢ (TUCapspo,/ TCaPgro )V NEgE”

UrAUSEY #(1- U= AUEEE Ut

Expected urility

T NERO oD,
=1 STyero/ ey Nouee'

Average negotiation round

Definition of used parameters

TaR0;

4.5Performance measure

According to the dynamic nature of grids,

- ee s 6RO
e Total number of GRC;'s tasks requiring resources | TUCap, UCap©*
Inpur Possible valies S A /Zu: s
GRC_Favorable Pgpe < 0.5 | GRC_ta_GRO—{1:100,1:50, Number of GRC;'s task(s) that successtully | g . =
TA0ITh 14 1) s o= L ) Y| SUgme | sum ofutility of successful GRC s task(s)
E_markel tpe GRO favorable Pepe > 05 | GRC 1o GRO={I00:1, 3071, .. - Average utility of asRc agents r(hzl reached
30:1,16:1, 4.1, 2:1) Neat Total number of GRC agents AUZE | consensus. AU B SU anc A NG
_ Ralancid! Pijy =05 |.GRE o GRO={I]} = The time that GRO,spends @ (e negouaiion | . onc | Average DAy of GRC ageats fhat did ot reach
Pope: Follows a unjforn distribiition and is a propability an agent being a GRC. i market tall consensus. AUfff=0
Aarket Density | Sparse | Moderare Dense N “Total number of GRO agents U ro; | Sum of “““‘Y‘ s of
P e 505 A mee' | successful GRO;'s computing machinet
gen 23 - X Average utllity of GRO ageats thar reached
Pyen. Fullows a uniform distridmiion and is ¢ probability of genzrating an ugent per ruuml Nomber of GRO,'s mackine(s) that suceessfully consensus (based on achieved utilities by leasing out
o, [ A y cro
Grid_toad b-ord_lowc-1 N ctisic AUSES compuing machines).
, £0.1.0.2.03.0.1,0.5.0.6.0.7.080.9} AU 51 cro 5208
(e, =2) = — — 17w
%, Low: 0 « Grid_load ‘ High: Grid_load — 1 Cap0r | The twal capacity of GRO's machine(s) = | one | AVESEE uility of GRO ageats that did aot each
- = — - - i —
R,,. The eapecied amount of prucessing requzsted par (ime inferval / negotiation round j ! comensus AUR—0
G The total comipating capacity of he erid CapePer | The total uscd capacity of GRO;'s mackine(s) i | 7, | Sum of fime that successhal ask(s) of GRC, used 1o
i negotiation round j M | reach a consensus
Tore;
Negudation deudiing Shart Maderate Tong s 3 cap ST un, | Sum of time that successful machine(s) of GRO; used
(Ne. of rounds) 1029 30-59 60-70 Pane; pa aps Neuce' | to reach a consensus
Job size(MI) 50-400
Resource capucity(MIPS) 200-3000 . . .
3(20] Te(R12300] Observation 1 Ev_MBDNAs achieved higher expected
Characterisiics: I
, ,
v, 0. oragentsround 320 o0 w0 utility than EMBDNAs when both types of agents are
“Max. no. of ugentyronnd 400 720 1200

subjected to different deadlines and market types.
Figs. 5 (a-c) show the performance of Ev_MBDNAs
against EMBDNAs with different values for negotiation

the deadline and for all types of e_markets (i.&RC-

benchmarking and evaluating of grids is difficult favorable Balancedand GRO_favorablg From Figs. 5
(specially, market-oriented resource allocation algorithms (a-c), it can be observed that when both types of agents

are very difficult to analyze analytically). As EMBDNAs
of type GRC take into accourguccess rateexpected
utility and average negotiation roundas performance

measures and EMBDNAs of type GRO take into accoun

resource utilization levelexpected utilityand average

(i.e., Ev_MBDNAs and EMBDNAs) are subjected to
Longer deadlines (in comparison tdoderateand Short
deadlines), they have stronger bargaining positions (as

tthey have plenty of time for trading) and they are both

likely to make less concessions (i.e., have higher expected

negotiation roundas performance measures, and because-tility). Additionally, it can also be observed from Figs.5
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(a-c) that, as Ev_MBDNAs evolve and adapt their rethx Observation 4: Ev_MBDNAs achieved higher success

criteria fuzzy rules by using BBO-based solution, rate than EMBDNAs when both types of agents are

generally they are more likely to achieve higher expectedsubjected to different grid loads and market types.

utility than EMBDNAs (that equipped with a fix set of Figs.6 (d-f) show the success rate of Ev._MBDNAs

relaxed-criteria fuzzy rules). against EMBDNAs in differenGrid_loads and for both
Observation 2: Ev_MBDNAs achieved higher expectedtypes of e_markets (i.eGRC-favorable Balanced and

utility than EMBDNAs when both types of agents are GRO_favorablg From Figs.6 (d-f) it can be observed that

subjected to different grid loads and market types. when both types of agents are subjected to higher
Figs.5 (d-f) show the performance of Ev.MBDNAs Grid_load(e.g., when more than 62% of the grid resources
against EMBDNAs in differentGrid_loads and for all are occupied), they have weaker bargaining positions (as

types of e _markets (i.eGRC-favorable Balanced and there were fewer available resources in the grid) and it
GRO_favorable From Fig.5(d) (respectively Fig.5(e) and became difficult for all types of agents to successfully
Fig.5(f)) it can be observed that when both types of agentsegotiate for grid resources (i.e., have lower success rate)
are subjected to highésrid load (e.g., when more than especially inGRO_favorablee_markets (in comparison to
62% of the grid resources are occupied), they have weakeBalanced and GRC_favorable e_markets) where the
bargaining positions (it became difficult for both types of competition degree is very high and probability that a
agents to successfully negotiate for grid resources due t@&RO agent enters the market at any time is <0.5.
there were fewer available resources in the grid,) and theyAdditionally, as Ev_MBDNAs evolve and adapt their
both likely to concede more to avoid the risk of losing relaxed-criteria fuzzy rules by using BBO-based solution,
remain resources. Also it can be observed that ingenerally they are more likely to achieve higher success
GRO_favorablee_markets (in comparison tBalanced rate than EMBDNAs (that equipped with a fix set of
and GRO_favorablee_markets) the bargaining positions relaxed-criteria fuzzy rules).
of both Ev_.MBDNAs and EMBDNAs are weaker (as Observation 5: Ev_MBDNAs take fewer negotiation
from GRC'’s perspective iGRO_favorablee_markets the  rounds than EMBDNAs when both types of agents are
probability that a GRO agent enters the market at any timesubjected to different deadlines and market types
is <0.5) and if final agreement is reached, all of them are Figs.7 (a-c) show the average negotiation time of
likely to make relatively more concessions (which leads to Ev._.MBDNAs against EMBDNAs with different values
lower expected utility). Furthermore, one can understandfor negotiation deadline and for all types of e_markets
that, as Ev_MBDNAs evolve and adapt their relaxed- (i.e., GRC-favorable Balanced and GRO_favorablg It
criteria  fuzzy rules by using BBO-based solution, can be observed that Ev_MBDNAs generally achieved
generally they are more likely to achieve higher expectedlower average negotiation time than EMBDNAs. It can be
utility than EMBDNAs (that equipped with a fix set of observed that, for veryShort deadlines, the average
relaxed-criteria fuzzy rules). The results are good negotiation time of EMBDNAS is not significantly lower
evidences to show the effect of the proposed BBO-basedhan the average negotiation time of EMBDNAs. With
solution to adopt and evolve the fixed-criteria fuzzy set of very Shortdeadlines, both Ev_MBDNAs and EMBDNAs
EMBDNAs. have very little time for trading and Ev_MBDNAs did not
Observation 3: Ev_MBDNAs achieved higher successoutperform EMBDNAs in terms of average negotiation
rate than EMBDNAs when both types of agents aretime for both types of e_markets. With longer deadlines,
subjected to different deadlines and market types Ev_MBDNAs clearly outperformed EMBDNASs in terms
Figs.6 (a-c) show the success rate of Ev._MBDNAs of average negotiation time for all types of e_markets.
against EMBDNAs with different values for negotiation  Observation 6: Ev_MBDNAs take fewer negotiation
deadline and for all types of e_markets (i.&RC- rounds than EMBDNAs when both types of agents are
favorable BalancedandGRO_favorablg From Figs.6 (a-  subjected to different grid loads and market types.
c), it can be observed that when both types of agents are Figs.7 (d-f) show the average negotiation time of
subjected td.ongerdeadlines (in comparison Moderate Ev_MBDNAs against EMBDNAs in differen®rid_loads
and Short deadlines), they have stronger bargaining and for all types of e_markets (i.eGRC-favorable
positions (as they have plenty of time for trading) and they Balancedand GRO_favorablg It can be observed that
all likely to complete deals successfully (i.e., have higherwhen both types of agents are subjected to higher
success rate). Additionally, as Ev_MBDNAs evolve and Grid_load they have weaker bargaining positions (as
adapt their relaxed-criteria fuzzy rules by using BBO- there were fewer available resources in the grid) especially
based solution, generally they are more likely to achievein GRO_favorablee_markets (where the negotiators of
higher success rate than EMBDNASs (that equipped with atype GRC face with stiff competition) and it became
fix set of relaxed-criteria fuzzy rules). difficult for both types of agents to have lower negotiation
rounds in successful negotiation process. However, by
evolving  relaxed-criteria  fuzzy rules relaxing,
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Ev_MBDNAs clearly outperformed EMBDNASs in terms behaviors of negotiators, unlike our work, other essential
of average negotiation time for all types of e_markets andfactors such as competition (for multilateral negotiation)
differentGrid_loads and trading alternatives were not considered.

In Fuzzy e-negotiation agenFgNA of [37, 38-39], the

preferences, constraints and each party’'s objectives are
5. Related works expressed as fuzzy constraints over these issteddAs

negotiate by exchanging offers and a consensus is reached
Following we focus on the state-of-the-art flexible \hen their private preferences, constraints, and objectives
negotiation agents that using fuzzy approaches to relaxgre satisfied. Using this method, a solution is the one that
their bargaining terms for improving their negotiation maximizes the satisfaction of all fuzzy constraints of the
outcomes. parties. However, althougheNAsare designed with the
A fuzzy logic-based approach to deal with multiple-issue flexibility to relax trading conditions, they were not
and two-party negotiations is proposed by Wasfy andprogrammed to react to changing market dynamics. Also,
Hosni [33]. In the negotiation process, a negotiator definesyhile [37, 38-39] deal with bilateral negotiations, our
its concession tactics based on four fuzzy sets. Also, towork deals with multilateral negotiations. In addition,
indicate which concession tactic should be adopted inynlike [37, 38-39], our work considers evolutionary

which situation some rules are defined. During a procedure to enhance the outcomes of the negotiation
negotiation process, the negotiator's concession forceprocess.

which is affected by the negotiator's power properties andLyo et al [40] developed a fuzzy constraint based
his/her opponent's power properties is calculated. A fuzzyframework for bilateral multi-issue negotiations in semi-
weight is attached to each property by the negotiator. Incompetitive trading environments. Two knowledge models
the next step, the tactic with the largest common area withof [40] are: 1) GRC agent's domain knowledge which
the calculated concession force is chosen. The negotiator'gonsists of the GRC's requirement/preference model (a
concession amount at given time step can be determinegrioritized fuzzy constraint problem) and GRC'’s profile
by a translation of the fUZZy set of the chosen taCtiC.model (fuzzy truth propositions) and 2) GRO agent’s
Whereas [33] modeled negotiation power and (un) domain knowledge which consists of its multi-dimensional
willingness to concede using fuzzy concepts, the proposedepresentation of the products or services it offers. The
negotiation agents (i.e., Ev_MBDNASs) not only use three GRC and GRO agents exchange offers and counter-offers
sets of fuzzy rules to relax their bargaining terms but alsowijth additional constraints revealed or existing constraints
evolve their fuzzy rule sets to enhance their performancepeing relaxed. Finally, a solution is found if there is one.
and achieve better outcomes in different e_markets.. The general difference between [40] and our work is that
In the multi-issue negotiation model of Matos et al. [34], while [40] deals with bilateral negotiations, our work deals
offers and counter offers are generated by case-based angith multilateral negotiations. In addition, unlike [40], our
fuzzy logic based strategies. Matos et al. [34]'s model usesyork considers evolutionary procedure to enhance the
previous knowledge and information of the environment gytcomes of the negotiation process.

state, from a case base, to change its negotiation behaviofeng and Fu [41] presented a negotiation model based on
a set of fuzzy rules to determine the values of thega fuzzy multiple criteria decision-making for multi-issue
parameters of the negotiation model, and an evolutionarynegotiation problem. There are many uncertain factors in
approach to determine which negotiation strategy is morenegotiation. First, negotiations’ preferences (weights) are
successful. While our work defines GMRs an  yncertain and dynamic. It is difficult to get exactly
independent variable that captures the acceptability of thenegotiators’ preferences. Secondly, the evaluation of the
current grid resource allocation market condition by using solution is uncertain. Considering these uncertain factors,
fuzzy decision controller and uses an evolutionary the degree of acceptance or rejection of the negotiators for
procedure to evolve the negotiators’ fuzzy rule sets , [34]the offer was measured by fuzzy members in [41]. The
did not address the users’ requirements on the desire@eneral difference between [41] and our work is that
outcome of negotiation. whereas [41] uses fuzzy concepts to represent negotiators’
Jennings et al. [35] and Faratin et al. [36] consideredpreferences of issues and evaluations of issues, our work
issues of time constraint, resource, and behaviors ofyses fuzzy concepts to determine GMP in different grid
negotiators in devising a negotiation model that defines amarket conditions. In addition, unlike [41], our work
range of Negotiation Decision Function®{Fs) for considers evolutionary procedure to enhance the outcomes
generating (counter-) proposals. In their works, fuzzy of the negotiation process.

similarity is used to compute tradeoffs among multiple |n [42] a general problem-solving framework for modeling
attributes during bilateral negotiations and cope with the multi-issue multilateral negotiation using fuzzy constraints
inherent uncertainties in the negotiation process. Althoughijs presented. Agent negotiation is formulated as a
strategies in [35] and [36] are based on time, resource, andjistributed fuzzy constraint satisfaction problem. Fuzzy
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constrains are thus used to naturally represent eacEMDA in [46] are used to guide a negotiator agent
negotiator's desires involving imprecision and human determining whether to slightly raise its expectation. The
conceptualization. The [42] enables a negotiator agent notistinguishing features of our work in comparison to [23]
only to systematically relax fuzzy constraints to generate aare: 1) while [23] considers just two relaxation criteria in
proposal, but also to employ fuzzy similarity to select the names degree of competition and eagerness, our work
alternative that is subject to its acceptability by the consider more effective relaxation criteria in determining
opponents. Whereas [42] focused on finding a joint the amount of GMP and 2) unlike [23], our work considers
agreement that satisfies all constraints and maximizes thevolutionary procedure to enhance the outcomes of the
agents’ aggregated degree of satisfaction, our work adoptsegotiation process. Also, The distinguishing features of
three sets of fuzzy rules to guide negotiator agents inour work in comparison to [46] are: 1) while the fuzzy
relaxing their bargaining terms. In addition, unlike [42], decision controller in our work guides negotiator agent in
our work considers evolutionary procedure to enhance theelaxing trade aspirations, the two fuzzy decision
outcomes of the negotiation process. controllers in [46] are used to guide a negotiator agent in
Wang et al. [43] presented a model of an intelligent determining whether to slightly raise its expectation and 2)
negotiation agent based on fuzzy logic methodology tounlike [46], our work considers evolutionary procedure to
deal with one-to-one, multi-issue negotiations involving a enhance the outcomes of the negotiation process.
third-party-driven virtual marketplace. In this model, fuzzy Sim and Ng [15] focuses on devising a relaxed-criteria
inference rules are used for determining the acceptance obargaining protocol by augmenting the alternating offers
an opponent’s offer. Whereas [43] focused on modeling protocol with the set of fuzzy rules. To this, each GRC and
multi-issue, bilateral negotiations involving a third-party- GRO agent is programmed with a fuzzy controller for
driven virtual marketplace, our work adopts fuzzy rules for determining the amount of relaxation in a negotiation
relaxing bargaining terms in multilateral negotiations in situation. Unlike the relaxing criteria which are used in
which there is no third party mediation. In addition, unlike [23], [15] used (aecent statistics in failing/succeeding in
[43], our work considers evolutionary procedure to acquiring resourcesand (b) demand for computing
enhance the outcomes of the negotiation process. resources as criteria for determining the amount of
Wu et al. [44] proposed a fuzzy based approach to deatoncession of GRC agents, alsoytljzation leveland (b)
with bilateral multiple-issue negotiations. As negotiations’ request factorare used as criteria for determining the
preferences (weights) are uncertain and dynamic, theamount of concession of GRO agents. These criteria are
acceptability for each issue was measured by fuzzyinputs to the fuzzy decision controller and the amount of
members. While the proposed Ev_MBDNA negotiation concession is the output of it. While not only more
agents of this paper adopEnhanced Rubinstein’s effective relaxation criteria that have great role in
sequential alternating offer protoco]14], deal with determining the amount of GMP are used in our work but
multilateral negotiations and use fuzzy concepts to also the Rubinstein’s sequential alternating offer protocol
determine GMP in different grid market conditions, the which is used by [15]'s negotiation agents is enhanced to
negotiation agents of [44] adopt monotonic concessionovercome the limitations and provide more flexible and
protocols [45], deal with bilateral negotiations and rational protocol. Also, unlike [15], our work considers
represent the acceptability for each issue by a fuzzy valueevolutionary procedure to enhance the outcomes of the
In addition, unlike [44], our work considers evolutionary negotiation process.
procedure to enhance the outcomes of the negotiatior-urthermore, Sim [24] designed another fuzzy controller
process. for negotiation agents to determine the amount of
Sim and Wang [23] worked on designing Enhanced relaxation in a negotiation situation. Unlike the relaxing
Market Driven Agents (i.e., EMDAs which are augmented criteria which are used in [23, 15], the negotiator agents of
with fuzzy decision controller) which are programmed to [24] used (adegree of competitiofv), (b) time pressure
follow a set of fuzzy rules to slightly relax their bargaining and (c) the relative distancefrom trading parties’
terms under (intense) GMP. This work useddagree of proposals as criteria for determining the amount of
competitionand (b)eagernessas criteria for determining  concession of negotiator agents (these criteria are inputs to
the amount of concession (these criteria are inputs to thehe fuzzy decision controller and the amount of concession
fuzzy decision controller and the amount of concession isis the output of the fuzzy decision controller). In addition,
the output of the fuzzy decision controller). As EMDAs in [24] an evolutionary algorithm (that invokes a genetic
are not designed to raise their expectations in extremelyalgorithm (GA)) for adapting and evolving relaxed-criteria
favorable market conditions, [46] complemented [23] by fuzzy rules is developed to construct adaptive and self
augmenting the designs of EMDAs with two additional improving negotiation agents in a series of e_markets. In
fuzzy decision controllers. While the fuzzy decision comparison to [24], our work not only considers a
controller in [23] guides an EMDAIn relaxing trade negotiation model that uses enhanc&lbinstein’s
aspirations, the two fuzzy decision controllers of an sequential alternating offeprotocol [14] and two fuzzy
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decision controllers (one for GRCs and the other for it is the perfect choice for adapting and evolving relaxed-
GROs) to determine relaxation degree in the face of GMPcriteria fuzzy rules of negotiation agents. Also to the best
by modeling more new relaxation criteria from new of authors’ knowledge, this work is one of the earliest
perspective, but also uses a new evolutionary procedurevorks that developed a BBO-based solution to construct
that invokes a BBO algorithm to evolve and adapt the adaptive and self improving negotiation agents. To
relaxed-criteria fuzzy rule sets for improving the chance of evaluate the effectiveness of the proposed BBO-based
successfully acquiring/leasing out resources. Although solution for adapting and evolving relaxed-criteria rules, a
BBO is applicable to many of the same types of problemstest bed to simulate the negotiation activities of both
that other evolutionary algorithms (like GA, PSO,...) are Ev_MBDNAs (EMBDNAs with relaxed-criteria rules that
used for, according to some distinguishing features ofare evolved using the BBO-based solution) and
BBO that are unique among biology-based optimization EMBDNAs (that use fixed relaxed-criteria fuzzy rule
methods generally BBO outperforms GA [26-27]. This set)[14] is developed. Empirical results obtained from the
motivates the authors to consider the BBO as evolutionarysimulations show that Ev_MBDNAs generally take shorter
algorithm to evolve the system structures of the average negotiation time, have higher success rate and
negotiation agents. achieve higher expected utility than EMBDNASs. In future
Adabi et.al [14] proposed a negotiation model which has work using the BBO-based approaches to tune other parts
the following distinguishing featuresa) enhancing of FGMPDS (like modifying membership functions and
Rubinstein’s sequential alternating offer proto¢bht is term sets) should be investigated.

used in [15]to handle multiple trading opportunities and
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negotiator agents during negotiation process and relax®cknowledgments

bargaining criteria of negotiator agents by computing more
accurate GMP and) devising twoFuzzy Grid Market
Pressure determination Systerftne for GRCs and the
other for GROs)to determine the value of GMP. In

This research is supported by the Islamic Azad Usitye
North Tehran Branch Grant entitled "Evolving and
adopting relaxed-criteria fuzzy negotiation rules in

comparison to [14] our work propose®w negotiation compgtational g_rid resource aIIocation. using an
agents in name Ev_MBDNAs that not only relax their evqutl_onary algorithm”. '!'he authors .WOUId like to thank
bargaining term in the face of GMP but also evolve and Dr. A!' Rezage for carrying out the implementation and
adapt their relaxed-criteria fuzzy rule sets by participating experimentations.

and negotiating in different e_markets using naw

evolutionary procedure that invokes a BBO algorithm. References

[1] Buyya, R., Abramson, D., Giddy, J. and Stockinger
(2002), Economic models for resource management and
scheduling in Grid computing. Journal of Concurrency:
Practice and ExperienceGrid computing, special issue
14/13-15, 1507 — 1542.

Khanli, K.L,and Analoui, M., (2008). An approach to grid

6. Conclusion and future works

Although there are many negotiation agents that are
designed with the flexibility to relax their trading
conditions using fuzzy approaches (specially in the face of 2]
intense grid market pressure) in the hope of enhancing thé resource selection and fault management based on ECA
chances of successfully reaching agreements and perhaps ryles. Future Generation Computer Systems, 24(4):296-316.
reaching agreements more rapidly, the system structures of3] Izakian, H., Abraham, A. and Tork Ladani, B. (2010), An

most of these negotiation agents are remained fixed. It can
be understand that as these fixed structure negotiation
agents do not have the ability to evolve their structure they

auction method for resource allocation in computational
grids. Future Generation Computer Systgoosnal 26: 228-
235.

cannot improve their outcomes in different e_markets with [4] Buyya, R. (2002), Economic-based distributed resource

many varying parameters. Considering the mentioned
concept,new negotiation agents in name Ev_MBDNAs
that not only relax their bargaining term in the face o
intense grid market pressure but also evolve and adapt
their relaxed-criteria fuzzy rule sets by participating and

18]

management and scheduling for Grid computing, Ph.D.
dissertation, Monash Univ., Melbourne, Australia.

Murugesan G. andChellappan C. (2010),An economic-
based resource management and scheduling for grid
computing applicationsinternational Journal of Computer
Sdence, 7(2): 20-25.

negotiating in different e_markets using the proposed BBO[6] Lai, K., Rasmusson, L., Adar, E., Zhang, L. andberman,

(Biogeography-based optimization)-based solution are
designed. According to the BBO characteristics that
generally result in better optimization in comparison to
other optimization algorithms (like GA, PSO,...) [26-27],

2015 International Journal of Computer Science Issues

B.A. (2005), Tycoon: an implementation of a distributed,
market-based resource allocation system. Proceedings of
Multiagent and Grid System, 169-182.

1 Chunlin, L., Xiu, ZJ. and Layuan, L. (2009), Resource

scheduling with conflicting objectives in grid environments:

1JCSI
www.lJCSl.org



IJCSI International Journal of Computer Science Issues, Volume 12, Issue 4, July 2015
ISSN (Print): 1694-0814 | ISSN (Online): 1694-0784
www.lJCSl.org 34

Model and evaluation. Journal of Network and Computer [25] Ross, T. J. (1995), Fuzzy logic with engineering
Applications, 32(3): 760-769. applications. New York: McGraw-Hill.

[8] Rahwan, I, Sonenberg, L., Jennings, N. R., McBurney, P.[26] Simon, D. (2008), Biogeography-based optimization. IEEE
(2007), Stratum: A methodology for designing heuristic Transactions on Evolutionary Computation, 12 (6):702—-713.
agent negotiation strategies. Applied Artificial Intelligence, [27] Du, D.W., Simon, D. and Ergezer, M. (2009),
Taylor & Francis, 21(6): 489-527 Biogeography-Based  Optimization = Combined  with

[9] Aminul, H., Hashimi, S.A., Parthiban, R. (2011), A Survey of Evolutionary Strategy and Immigration Refusal, Proceedings
Economic Models in Grid Computing. Future Generations of the 2009 IEEE international conference on Systems, Man
Computer System journal, in press. and Cybernetics (SMC'09), 997-1002.

[10] Kersten, G., Noronha, S. and Teich, J. (2000), Are all E- [28] Sim, K. M. and Choi, C. Y. (2003), Agents that react to
commerce negotiations auctions?. Fourth international changing market situations. IEEE Transactions on Systems,
conference on the design of cooperative systems Man, and Cybernetics, Part B, 33: 188-201.

(COOP’2000), Sophia-Antipolis, France, 1-11. [29]R.F. Robertoet al. (2001), Discovering fuzzy classification
[11] Wolski, R., Brevik, J., Plank, J. and Bryan, T. (2001), rules with genetic programming and co-evolution. In

Analyzing market-based resource allocation strategies for the  proceeding of 5th Eur. Conf. Principles Data Mining Knowl.

computational grid. International Journal of High Discov. 314-325.

Performance Computing Applications, 15: 258-281. [30] Ma, H. (2010), An analysis of the equilibrium of migration
[12] Wolski, R., Brevik, J., Plank, J. and Bryan, T. (2003), Grid models for biogeography-based optimization. Information

Resource allocation and control using computational Sciences, 180(18): 3444-3464.

economies. F. Berman, G.C. Fox and A.J.G Hey (Eds.), Grid [31] Mitchell, G. et.al. (2003) GeneRepair-A repair operator for

Computing—Making the Global Infrastructure a Reality, genetic algorithms, late-breaking paper. Proceeding of.

John Wiley & Sons, New York. Genetic Evol.Comput. Conference., Chicago, IL,253-239.

[13] Buyya, R. and Vazhkudai, S. (2001), Compute power [32] Salvatore, D. (1997), Microeconomics theory and
market: Towards a market-oriented grid, in Proc. 1st applications. Reading, MA: Addison-Wesley.
IEEE/ACM Int. Symp. Cluster Comput. Grid, Brisbane, QId., [33] Wasfy, A. M. and Hosni, Y. A. (1998), Two-party
Australia, IEEE Computer Society, 574-581. negotiation modeling: An integrated fuzzy logic approach.
[14] Adabi, Se., Movaghar, A., Rahmani, A.M., Beigy, H. and Group Decis. Negot., 7(6): 491-518.
Dastmalchy-Tabrizi, H. (2014), A new fuzzy negotiation [34] Matos, N., Sierra, C., Jennings, N. R. (1998), Negotiation
protocol for grid resource allocation. Journal of Network and strategies: An evolutionary approach. Proceedings of the Int.

Computer Applications, 37:89-126. Conf. On Multi-Agents (ICMAS98), 182- 189.

[15] Sim, K. M. and Ng, K. F. (2007), Relaxed-criteria [35] Jennings, N.R., Faratin, P., Lomuscio, A.R., Parsons, S.,
negotiation for grid resource allocation. International Sierra, C. and Wooldridge, M. (2001), Automated
transactions on systems science and applications., 3(2): 105- negotiation: Prospects, methods and challenges. Internat. J.
117. Group Decision Negotiation, 10(2): 199-215.

[16] Rubinstein, A. (1982), Perfect equilibrium in a bargaining [36] Faratin, P., Sierra, C., and Jennings, N. R. (2002), Using
model. Econometrica, 50: 97-109. similarity criteria to make trade-offs in automated

[17] Kraus, S. (2001), Strategic negotiation in multi-agent negotiations. Artif. Intell., 142(2): 205-237.
environments. MIT Press Cambridge, MA, USA. [37] Kowalczyk, R. and Bui, V. (2000), On fuzzy E-negotiation

[18] Sim, K. M. (2005), Equilibria, prudent compromises, and agents: Autonomous negotiation with incomplete and
the “Waiting” game. IEEE Transactions on Systems, Man, imprecise information. In Proc. f1int. Conf. Database
and Cybernetics, Pat, 35(4): 712-724. Expert Sys. Applications, 1034-1038.

[19] Adabi, Se., Movaghar, A., Rahmani, A.M. and Beigy, H. [38] Kowalczyk, R. and Bui, V. (2000), FeNAs: A fuzzy e-
(2013), Market_based grid resource allocation using new  negotiation agents system. In Proc. IEEE/IAFE/INFORMS
negotiation model. Journal of Network and Computer Conf. CIFEr, New York, 26-29.

Applications, 36(1):543-565. [39] Kowalczyk, R. (2002), Fuzzy e-negotiation agents. Soft

[20] Sim, K.M. (2006), Grid commerce, market-driven G- Comput.—A Fusion of Foundations, Methodologies and
negotiation, and grid resource management. |EEE Applications, 6(5): 337-347.

Transactions on Systems, Man, and Cybernetics, R&6:B [40] Luo, X., Jennings, N. R., Shadbolt, N., Leung, H. and Lee,
1381-1394. J.H. (2003), A fuzzy constraint based model for bilateral,

[21] Smolinski, R. (2006), Fundamentals of international multi-issue negotiations in semi-competitive environments.
negotiation, Paluchowski, W. J., Eds. Negocjacje: Wsrod Artificial Intelligence,148: 53-102.
jawnych zagrozen i ukrytych mozliwosci. Poznan, Rebis, [41] Meng, B. and Fu, W. (2004), A negotiation model based on

175-189. fuzzy multiple criteria decision making method. In Proc. 4th
[22] Osborne, M. J. and Rubinstein, A. (1990), Bargaining and Int. Conf. Comput. Inf. Technol., 1039-1044.
Markets. Academic press, New York. [42] Lin, M., Lai, K. R.and Yu,_T.(2005), Fuzzy constraint-

[23] Sim, K. M. and Wang, S. Y. (2004), Flexible Negotiation based agent negotiation. Journal of Computer Science and
Agent With Relaxed Decision Rules. IEEE Transactions on Technology _archive Institute of computing technology
Systems, Man, and Cybernetics, Part B, 34(3): 1602-1608. Beijing, China, 20(3): 319-330.

[24] Sim, K. M. (2008), Evolving fuzzy rules for relaxed-criteria [43] Wang, X., Shen, X., and Georganas, N. D. (2006), A fuzzy
negotiation. IEEE Transactions on Systems, Man, and logic based intelligent negotiation agent (FINA) in e-
Cybernetics, Part B, 38(6): 1486-1500.

1JCSI
ww.lJCSl.or
2015 International Journal of Computer Science Issues W JCSl.org



IJCSI International Journal of Computer Science Issues, Volume 12, Issue 4, July 2015
ISSN (Print): 1694-0814 | ISSN (Online): 1694-0784
www.lJCSl.org

commerce. In Proc. IEEE Can. Conf. Electr. Comput..Eng
Ottawa, ON, Canada, 276-279.

[44] Wu, Y., Lu, J., and Yan, F. (2006), A fuzzy negotiation
model of e-commerce and its implementation. In Proc.
Technol. Manag. Global Future, PICMET, 3:1180-1185.

[45] Rosenschein, J. and Zlotkin, G. (1994), Rules of encounter:
designing conventions for automated negotiation among
computers. Cambridge, MA: MIT Press.

[46] Sim, K. M. (2004), Negotiation agents that make prudent
compromises and are slightly flexible in reaching consensus.
Computational Intelligenc®0(4): 643-662.

Sepideh Adabi received the BS, MS and PhD degrees in software
engineering from Department of computer Engineering, Islamic
Azad University in 2006, 2008 and 2012 respectively. She is
currently an assistant professor in the Department of Computer
Engineering at Islamic Azad University in Tehran, Iran. Her
research interests include distributed systems, grid computing,
cloud computing and resource management. She is a member of
the IEEE.

Sahar Adabi received the BS, MS and PhD degrees in software
engineering from Department of computer Engineering, Islamic
Azad University in 2006, 2008 and 2013 respectively. She is
currently an assistant professor in the Department of Computer
Engineering at Islamic Azad University in Tehran, Iran. Her
research interests include distributed systems, and cloud
computing.

2015 International Journal of Computer Science Issues

35
1JCSI
www.lJCSl.org





