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Abstract 

Trust rnodcling is widcly rccognizcd as an aspect of esscntial importancc in 
t.he construct.ion of agent.s and rnulti agent. syst.erns (MAS). As a conseqnence, 
several trust formalisms have been proposed over the last years. All of them 
havc a limitation: thcy can determine thc trustworthincss or untrustworthi­
ness of the infonnat.ion received frorn a given agent, bnt t.hey don't supply 
mechanisms for correcting this information, in the case of it being una.ccurate, 
in ordcr to extract sorne utility frorn it. In ordcr to overcomc this limitation, 
t.his thesis introduces the concept of reliabilit.y as a generalization of trust., 
a.nd presents Fuzzy Contextual Filters (FCF) as reliability mocleling methods 
looscly bascd on systcm idcntification and signal proccssing tcchniqucs. This 
t.hesis illustrates their applicability to two domains : the appraisal variance 
estimation problcm in thc Agcnt Reputation ancl Trust (ART) tcstbccl and 
Bar Systerns. a class of opt.irnization algorithrns for reactive l'viAS. 





Res u m 

El modclat de la confian~a esta ámpliamcnt rcconegut com un aspccte d'im­
portancia essencial en la constrncció d 'agents i de sistemes rnnlti agent (:\IAS), 
i és coma conseqüencia d'aixó que als darrers anys s'han proposat una nom­
brosa quantitat de formalismcs de modclat. Tots clls pcró patcixcn una 
limitació: poden determinar el gran de confianc;a que mereix la inforrnació 
rebuda d'un altre agent, pero no proporciones mecanismes per a corregir 
aquesta informació, en cas de no ser acurada, amb vistes a cxtreure alguna 
ntilitat d'ella. Per tal de superar aquesta limitació, aquesta tesi introdueix 
el concepte de fiabilitat (reliability) com a generalit:-:ació de la confiaw:;:a, i 
presenta cls Filtres Difusos Contextuals (FCF) com a rm~todes de modclat 
de la fiabilitat basats parciahnent en técniques d'identificació de sisternes i 
processamcnt de scnyals. La scva aplicabilitat es mostra en dos dominis: el 
problema de la estimació de la varianc;a de les taxacions a l' Agent Repu­
tation and Ttust (ART) testbed i als I3ar Systems, una classe d'algorismes 
d'optimització pcr a l'viAS rcact.ius. 
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Introdnction 3 

ne\v button-to-channel correspondences ( or repaint the top of the buttons) 
to ha.ve a. perfectly useful remate control. As another exa.mple, imagine tha.t 
somc mcasuring dcvicc tends to givc bad mcasurerncnts as room tempera­
ture increases. Clearly we can not trust t.he readings of the device in high 
tempera.ture conditions, they >vill be erroneous, but if \Ve manage to figure 
out how thc error commited by thc dcvicc dcpcnds upon thc ternpcraturc, 
given a reading and a ternperature we \Vonld be able to substract the error 
a.nd obta.in a more or less a.ccura.te result. 

The aim of this Ph.D is to devise a. capture mecha.nism for the patterns 
and regularities found in the erroneous or false inforrnation received by an 
a.g;ent in a 1\-IAS in such a way that the ag;ent coulcl, in subsequent interactions, 
filtcr or corrcct thc inforrnation rcccivcd by that samc agent in ordcr to rnake 
it useful. \Ve argue that. such a mechanism will enhance the social intelligence 
of the a.gents, reclucing the amount of communication errors ancl thus ma.king 
thc wholc l'viAS more robust. 

Overview and main contributions 

This work proposes a shift from the concept of trust to thc conccpt of rcli­
abilit.y. That is: does the agent. respond consistently to it.s inputs? Does it 
tencl to g;ive the sa.me or a similar a.nswer under the same or similar stimuli? 
If so, aftcr a numbcr of intcractions it will be possiblc to build somc~ kind of 
filt.er or translator able to eliminate t.he error and produce useful information. 

In onler to prove that clairn, Fuzzy Contextua! Filters (FCFs) are intro­
clucecl. A FCF has, as input, the information received from an ag;ent, jointly 
with as many other variables as neccssary to spccify thc contcxt in which 
the interaction has ta.ken pla.ce, and produces, as output, a corrected ver­
sion of thc information reccivcd (correctcd in the sense that the FCF tries 
t. o elimina te the errors contained in it.) as well as a val u e ( the reliabilioty 
value) stating; hmv much conficlence it has in the correctness of the filtered 
information. Thc correctivc module of a FCF consists mainly of a fuzzy 
rule base vdlich codifies, in the forrn of fuzzy rules, all the past int.eractions 
between the a.gents. Nev,' interactions add new rules to the rulebase. The re­
liability calculation module computes thc rcliability valuc by cxarnining the 
st.ructure of the fuzzy rule base and applying three rww criteria for fuzzy rule 
bases quality assesment: completeness, consistency ancl reclunda.ncy. Those 
critcria are gcneralizations of thcir crisp countcrparts bascd in Kosko's Fuzzy 
Subsethood Theorem [41]. 

The second part of the thesis illustrates the a.pplicability of FCFB to tvm 
diffc~rent domains, the Agcnt Ilcputation and Trust (ART) tcstbcd ancl Bar 
Systems. The ART test bed \vas devised as a frarnework for the irnplemen­
tation and testing of trust and reputation formalisms. ART championships 
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are held regularly and a FCF -equipped agent, SPARTAJ'\, participated in the 
Second Internationa.l ART competition, helcl in conjunction with the Sixth 
Intcrnational .Joint Confcrcncc on Autonomous Agcnts and :Multiagcnt Sys­
terns (A AMAS 2007). It qualified fifth in the prelirninary round and then 
\VOn a position in the final rouncl to finish in fourth place. 

Bar Systcms, also a main contribut.ion of this thcsis, are a family of 
very simple algorithrns for different classes of cornplex optirnization prob­
lems in static ancl clynamic environments by means of reactive multi a.gent 
systcms. Bar Systcms bclong to thc family of Crcw Intclligcncc algorithms, 
an extension of s,vann Intelligence algorithrns that. endmvs individual agents 
with additional communicative ancllocal planning abilities. Bar Systems are 
loosely inspired in the behavior that a cre\v of bartenders can show while 
serving clrinks to a crowcl of customers in a bar or pub. This thesis \Vill shmv 
ho>v Bar Systems can be appliecl to a :.JP-hard scheduling problcm, ancl how 
t.hey achieve rnuch better results than other greedy algorithms in the "near­
est neighbor" style. It 'vill also show hmv the use of FCFs can enhance the 
performance of an agcnt using a Bar Systcms algorithm in a compctitivc 
rviAS. 

Structure of the document 

This t.hesis is structured in three parts. In part I (Fnzzy Contextua! Fil­
ters), chapter 1 cliscusses social intelligence, trust ancl the neecl for trust 
formalisms in rviAS. Chaptcr 2 prcscnts thc conccpt of rcliability as an cx­
tension of trust and introduces Fnzzy Contextual Filt.ers. It also includes a 
case stucly to illustrate the applicability of FCFs. In part II ( Applications), 
chaptcr 3 shows thc application of FCFs to thc variancc cstimation problcm 
in the ART testbed and presents several techniques and algorithms used by 
the SPARTAN agent. Cha.pter 4 introduces Dar Systems and shows lww they 
can be used t.o obtain good approxirnated solut.ions to a :.JP-hard scheduling 
problem. Finally chapter 5 presents a competitive 11AS (taxis competing 
for customcrs) ancl show how agcnts using FCFs to filtcr thc (probably in­
t.ent.ionally erroneous) informat.ion provided by ot.her cornpetitor agents can 
increase its performance. Pa.rt III contains several a.ppendices. 



Part 1 

Fuzzy Contextua! Filters 





Chapter 1 

Social Intelligence and Trust 

1.1 Artificial Social Intelligence 

The '-vide ensemble of abilities tha.t allows huma.ns to, among other things, 
rcason, lcarn, communicatc with cach othcr, clcal wit.h ncvv situat.ions ancl 
apply knowledge to rnanipulate our enviromnent, which is called collectively 
intelligence, is a multiple faceted phenomenon. Eclward L. Thornclike gave 
to this notion the shape of a scientific theory as early as 1920 [48. 33], >vhen 
he clre\v an important distinction among three broad classes of intellectual 
funct.ioning: abstract intelligencc ( thc onc mcasurccl by standard intclligcncc 
tests), rnechanir:al 'intell,igence ( the ability t. o visualize relationships among 
objects ancl understa.nd hmv the physica.l \vorld \vorks) a.ncl social intelligence 
(thc ability t.o funct.ion succcssfully in intcrpcrsonal situations). In spitc of 
this, historically. the bulk of the research effort made by both Psychology 
a.nd Artificial Intelligence communities has heaclecl tmvards the study of the 
abstract, classical, part. of thc intclligcncc, to thc point of most. authors rccluc­
ing social intelligence just to general intelligence applied to social situations. 
The reason for this can, perhaps, be found in the la.ck of adequate instru­
ments (in the style of IQ tests) for the rneasnrernent of the less conventional 
aspects of intelligence and, on the other ha.ncl, in the relative success of ea.rly 
Al rcscarch in thc clcvclopmcnt of moclcling mcchanisms for classcs of tasks 
directl:y related to abstract intelligence (i.e., rea..soning, planning and problem 
solving). 

However, this situa.tion has changecl over the last yea.rs. In Psychology, 
the appearance of the Machúwellian Intell-igenr:e HypotheH'is [9, 42], accord­
ing to \Vhich primate intelligence originally evolved to solve social problems 
ancl was only latcr cxtcnclccl to problcms outsiclc t.hc social clomain, has 
rapidly increased the interest on the study of social aspects of intelligence. 
A similar phenomenon has ha.ppenecl in the Al field a.fter the shift to the 
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agent paradigrn. The agent paradigrn conternplates the physical situation 
of a.gents, the tig;ht coupling; betvveen the ag;ent and its environment, as un­
avoidable requiremcnt in order to build intclligcnt agcnts 1

• An agcnt 's cnvi­
nmrnfmt contains typically other agents \vith whorn it has to interact. This 
defines a social environment ancl justifies the necessity of situation from the 
social point. of vicw. Following Edmonds l27j: 

"In a physical situation the internal rnodels rnay be insufficient 
because of the enormous computation capacity, amount of infor­
rnation and speed that would be reqnired by an agent attempt­
ing to explicitly model its environment. In a social situation, 
although thc spccd is not so critical, thc complcxity of that cn­
·vironrnent can be ovenvhelrning awl there is also the obvious 
external computational resources proviclecl by the other ag;ents 
ancl thcir int.eractions. This mcans that an agcnt can be said to 
be socially situated by analogy with being physically situated- in 
both cases the balance of advanta.ge lies in using external causal 
processes and rcprcscntations rather than interna! oncs." 

A consequence of the embedding; of the ag;ent into the social environment is 
thc necessity of dcvclopmcnt of a sct of skills which allow thc agcnt to perform 
efficiently 'vithin it. As usuaL there is not universal agreernent about the 
precise meaning of Social Intelligence (SI) and Artificial Social Intelligence 
(ASI) (in fact, Edmonds rcmarks in l31j that t.hc tcrm social intclligencc is 
arnbiguous in the sense that it can either indicate the intelligence that an 
individual needs to effectively participate in a socie(y, or the intellig;ence that 
a socicty as a wholc can cxhibit). Duffy l25j defines social intelligcncc as "the 
intelligence that underlies behind group interactions and behaviours" >vhile 
Cantor and Kihlstrom [391 redefine the term to refer to "the inclividual's fund 
of lmowlcdgc about thc social vvorld". Edmonds l26j proposcs thc Turing Test 
as a criteria for determining the achievement of truly social intelligence while 
Hoggs and .Jennings l37j prcfer to talk about social rationalit~r2 . Kcrstin 
Dautenhahn [14], finally, gives perhaps the rnost cited definition of social 
intellig;ence as: 

1See, for exarnple, in [31], Franklin and Graesser's definition of agent as "a systern 
sitna.tcd within and a part of an environmcnt that senscs that cnvironmcnt and acts on it, 
over time, in pursuit of its own agenda and so as to eH'ect wha.t it senses in the future". 

2Extending K e\vell's Princ.iple of flationaldy t.o state the Pr"inciple of Social flat·ionaldy 
''If a socially rational agent can perform an action whose joint benefit [for the ·whole 

society] is greater than its joint loss, then it may select that action." 



Artificial Social lntclligcnce 

"the individual's capability to develop and rnanage relationships 
behveen individualiz;ed, autobiographic agents which, by means 
of communication, build up sharcd social intcraction structurcs 
which help to integrate and rnanage t.he individual's basic ("self­
ish") interests in relationship to the interests of the social system 
at thc ncxt highcr lcvcl. Thc tcrm artificial social intdligcnce is 
then an instantiation of social intelligence in artifacts." 

9 

K either is there a general agreement u pon the \vay ASI has to be implemented 
or evcn what its final goal has to be. Ilcscarchcrs coming from "classic" Al 
rnost.ly focas in the hurnan-agent social interaction (i.e., the "lnunan in t. he 
loop" approach r1u1). From this point of vie'v ASI has to serve a clouble 
purposc: in one hand, to facilitate the intcraction bct>vecn agcnttl and hu­
mans and, on the other hand. the st.udy of human social processes through 
the development of suitable social moclels. The architecture of this type of 
social agents utlcs to be a cxtcnsion of somc form of BDI architccturc (c.g., 
[46]) and it.s design tends to follow the L~f"e-Like Agent.c; Hypothe.c;i.c;;~ [15]. 
Two examples of this type of social agents are the AURORA Project r141, a 
remedial t.ool for getting children \Vit.h autisrn interested in coonlinated and 
synchroni:-:ed interactions with the environment and the Let 's Talk! socially 
intelligcnt agcnts for language convcrsation training l49 j. 

On thc othcr sidc, rcscarch coming from thc social scicnccs community 
is focused in social sinmlation. That is, the design of synt.hetic societies of 
agents in physical or virtual environments in arder to stucly the emergence 
and evolution of social phenomena like cooperation, competition, trust, rep­
utation, markets, social networks dynamics, norms and languages. The in­
tcrcstcd rcadcr can find a classical introduction to thc ficld in l35j. Thc 
significance of this aspect of ASI has to be expected only to increase cine 
to the gaining importance that electronic markets and virtual societies >vill 
have in thc ycars to come. 

Finally, a third aspcct of ASI rctlcarch has its roots arguably in Artificial 
Life and Distributed Problem Solving. It is the "Engineering \vith Social 
rvictaphors" approach to ASI, which tries to devise socially inspircd problcm 
solving techniqnes and algorithrns. Perhaps the rnost representative class of 
such techniques are those based in s,vann Intelligence r71. 

Whichever point of vie\v is chosen, the fielcl of Socially Intelligent Agents 
is a fast growing ancl increasingly important arca that compriscs highly active 

3 "Artificial social agents (robotic or softv.rare) which are supposed to interact 'vith 
humans are most successfully designed by imitating life, i.e. making the a.gents mimic as 
el ose! y as possible anirnals, in particular hurnans." 
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research activities and strongly interdisciplinary approaches corning from as 
diverse fields as Organilmtional Science, Philosophy, Cognitive Science, Arti­
ficial Intclligcncc, Cybcrnctics and Social Simulation. 

1.2 The Need for Trust Formalization in MAS 

Trust is one of the main concepts upon which human and animal societies 
are built.. It is evident, t.herefore, the importance of its formalization for 
the construction of artificial or electronic societies, which so vast amount 
of intcrcst havc causcd not only in thc Artificial Intclligcnce and Computcr 
Science connnunit.ies, but also in such different ones as Sociology, Econornics 
and I3iology. Quoting r511: 

"Artificial Intclligence is quickly moving from thc paradigm of 
an isolated awl non-situated intelligence to the paradigm of situ­
ated, social and collective intelligence. This ne>v para-digm of the 
so callcd intclligcnt or adaptivc agcnts and l\Iulti-Agcnt Systcms 
(1\IAS), together with the spectacular emergence of the infor­
mation society technologies (specially reflected by the popular­
ization of clcctronic commcrcc) are rcsponsiblc for thc incrcasing 
interest on trust and reputation mechanisms appliecl to electronic 
socictics." 

By definition, an essential characteristic of 1-'IAS is the existence of an infor­
mation interchange behveen the individual agents forming the system. In the 
case of collaborativc :'viAS, thc aim of this comnnmication is the improvcmcnt 
of t.he global performance of the systern. Therefore agents, in general, do not 
lie each other consciously. In the case of competitive environments, hmv­
cver, individual agcnts are selfbh, in thc scnsc that its bchavior is addrcsscd 
t.o maxirnize sorne kind of individual ut.ilit.y function, even if that. means a 
prejudice for the individual interests of the other agents or the climinution 
of the ovcrall performance of thc systcm. Communica.tivc acts in competi­
t.ive MAS are therefore addressed to obtain individual benefit. and it is more 
suitablc (bccause it can be profitablc) thc conscious communication of fa.lsc 
inforrnation. 

Both in colla.borativc and in compctitivc MAS, howcvcr, an cmittcr agcnt 
can cornnmnicate false inforrnation to a recipient agent because of several 
rea.sons. The main ones being: 

l. The cmitter agcnt is, simply, wrong. He~ is honcst, in thc scnsc tha.t 
he believes he is conunmücating a true st.at.ement, but the transmitt.ed 
information is false. 
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20 Ernitter and recipient agents do not use the sarne languageo The mes­
sage endoses a true statement, as understood for the emitter agent, 
but has a diffcrcnt and falsc mcaning for thc rccipicnt agcnto That's 
why ontologies are used, just to t.ry to assure that. all t.he agents in a 
domain speak the same language 

30 A transmission error occurredo The emittecl ancl received messages are 
diffcrcnto 

40 The emitter agent consciously t.ransrnits a false infonnation to the re­
cipient agento The aim of such behavior can be supposed to be the 
obtaining of sorne bcncfit from thc prcjudicing of thc rccipicnt agcnt. 
That is the typical behavior >ve can expect. in cornpetitive envirornnents 

\Vhatever could be t.he reason behind the transrnission of false infonnation, 
individual agents need some kincl of mechanism that allmv them to deal with 
ito Agents can't afford (specially in cornpet.it.ive envirornnent.s) t.o belie'v·e 
everything the other agents tell to themo A car venclor agent who commits 
itsclf to dclivcr a car "soon" ancl who says that thc car is "fast" can be honcst 
even if t.he car la..st.s a year to arrive and it can not run fa..st.er than 100 
kilometers per houro Perhaps he really believed what he \vas saying, perhaps 
thc words "soon" and "fast" havc a diffcrcnt mcaning in thc car vcnding 
language or even, perhaps. he said "late" ancl "slo>v" but somehmv the sounds 
changed in their \vay from their mouth to our hearso :\iJore probably, however, 
he is dcliberatcly lying to take profit from uso In cither case, wc necd to 
learn frorn our experience in order to know \vhat can be expected frorn hirn 
in further dealso Here is where trust and reputation modeling methods come 
in as an irnport.ant field of study inside the theory of l\IASO 

1.3 Trust Formalisms 

Over the last years, several atternpts to devise forrnalization for t.he con­
cepts of trust ancl reputation have been carried out from cliverse points of 
vicw (rccmnincndcr systc1ns, social nctworks, clcctronic commcrcco o o )o In 
his PhD dissertation [31], Sabater proposes a set of t.rait.s that can allmv 
to characterize ancl classify them: paracligm type ( cognitive or numerical), 
thc information sourccs uscd to build thc modcl ( dircct cxpericnccs, wit­
nesses infonnation, sociological infonnation and prejudice), visibility types 
(subjective ancl global), model's granularity (context clependent or non con­
t.ext. dependent), agent behavior assmnpt.ions (basically wether the forrnalisrn 
includes specific mechanisms to cleal \Vith liars), m o del type (trust ancl rep­
utation) and typc of cxchangcd information (boolcan and continuous)o 

Amongst the rnost \videly recognized trust and reputation fonnalisrn we 
can enumerate those of :\'Iarsh r441, the Sporas ancl Histos moclels r601, the 
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models proposed by Sebillo et al. [53], Abdul-Rahrnan and Bailes [1], Esfan­
dia.ry and Chandrasekharan [29], Y u and Singh [58, 591, Sen a.nd Saija. [54], 
Cartcr ct al. l11J, Castclfranchi ancl Falconc l12j and thc AFilAS llOj and 
REGRET [5l]rnodels. Large world \vide >veb rnarketplaces like Amazon and 
Ebay ha.ve a.lso developed their own trust modelling framevwrks. 

It. is bcyond thc scopc of this disscrtation to discuss thc dctails and mcrits 
of each of those formalisms. A det.ailed revie\v of each of them can be found 
in Sabater's PhD. disserta.tion [511, a.long with a comparison a.ttending the 
dassification dimcnsions cnumcratcd bclow. 



Chapter 2 

Fuzzy Contextua! Filters 

2.1 Beyond Trust. Reliability 

\\"hile thc thc trust formalisms bricfl.y cnumcratcd in Chaptcr 1 can providc~ 
a nmnber, category or even fuzzy statement rnea..suring the trustworthiness 
of a given agent or, more precisely, the trushvorthiness of the informa.tion 
providcd by a givcn agent, they fa.ll short , in our opinion, in thc ::;cnsc that 
t.hey don't supply any filtering or correcting method in order to rnake t.he 
provided information useful, even if >vrong. That is, they seem to oversee 
thc fact that, in somc cases, falsc information transmitted by an agcnt can 
be useful, if conveniently filtered. 

It is not nccessaq¡ to trust an agcnt (in thc scnsc of bclieving it is 
sa;r}'ing the tndh) in order· to get sorne '~tfÜ'ity .fmrn the infonrwtion 
provided by it. This infonnation can be ·useful even if it ís false, 
ij it exists sorne rnethod ablc to correct it. 

Let's put a.n example: a. watch a.gent tha.t goes two a.nd a ha.lf hours in a.dva.nce 
will ncver tcll you thc right time, ::;o you will do good not tru::;ting it. Docs it 
irnplies t.hat yo u can 't. get. any utility frorn it?. Quite on t. he cont.rary, yo u can 
completely rely on it. Its regula.rity ma.kes possible to correct the informa.tion 
it providcs ancl get thc exact time, a thing that would be impossiblc to do 
accurately with a watch that goes only one minute in advance half the time 
a.nd one minute in reta.rcl the other half a.t ra.nclom. \Ve ca.n sa.y much the 
sarne thing about our car ·vendor agent.. Bet.t.er for us to do not belie·ve 
everything he could tell us, of course, but even if \ve don't trust him, >ve can 
yet cxtract some probably uscful information from his offc~rs, pcrhaps in thc~ 
form of upper or lower bounds. l\Ioreover, with t.he time, if \Ve deal with 
him often enough, \Ve can a.rrive to learn its language, that is, to capture 
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temp = hot watchTime = AMinute 

1- 1 · 
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Figure 2.3: .Fnzzy M;ts for the e.r,arnple ndc lj tr:rnp is Hot and watdd'irnr; is 
A.l\llirmtr; then time Í8 A.MinuteTen 
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environrnent and in the behavior of the filtered agents. 
So, the construction of the dynarnic rule base can be viewed as a systern 

identificaban task >vhere the behavior of the filtered agent has to be modeled 
from a set of examples, the results of past interactions between the rnod­
eling ancl the moclelecl a.gents. As a. system iclentification problem, several 
rnodcling methods can be used, ranging frorn those based on a neuro-fuzzy, 
backpropagation-like approach (.Jang's A~FIS [38] \vould be a good exarnple 
of this) to those basecl on lookup tables rs71 or, even, genetic a.lgorithms r131. 
\'/e vvill scc an exarnplc of a sonwwhat simpler approach in the case examplc~ 
of section 2.5. 

2.4 The Reliability Calculation Module 

Thc function of thc second part of thc FCF, the rcliability ca.lculation mod­
ule, is to compute the reliabilit.y of the value of the filtered variable obt.ained 
by the corrective module. Relia.bility is a function of the main a.nd context 
variables, that is, given va.lues for the main and context variables, the rclia­
bilit.y calculation module nmst produce a valne representing the confidence 
we can have in the exactitude of the va.lue of the filterecl variable computed 
by the correctivc module. Ilcliability will depcnd upon the nurnber of prior 
similar interactions between filtering and filtered agents a.c; well as upon t.he 
regula.rities observecl cluring that interactions. 

The problem can be stated as follows: givcn a fuzzy systern dcfined by a 
set of fuzzy rules obtained frorn a set. of interactions like t.he one explained in 
the last section, how can we define a. set of criteria that a.llow us to assess the 
rcliability of thc fuz¡¡:y system output for givcn values of the input variables? 

There are different classes of such criteria. On one hand >ve have perfor­
mance ba.sed criteria, where confidence is given to the systems on the basis 
of previous performance. On the othcr hand we have formal and structural 
methods, where confidence is given depending on the st.ructural properties of 
thc systcm. Structural rncthods exploit the knowledge about the structurc 
of the systern ( t.he rules and fuzzy sets nsed in their definition) rather than 
the knowledge about the problem the system salves. 

Therc is a previous extensivc work on validation and vcrification of rulc­
based knowledge systems that could help ns. Unfort.nnately, it is rnainly 
focused on classical boolean or multiva.lued logic, few methods are oriented 
t.owards t.he cva.luation of fuzzy knowlcdgc sources bascd on production rules 
[40, 52]. The present work (based on a previous work done by the anthor 
t.hat can be founcl in r231) focuses on struct.ural criteria. and methods for fmzy 
rule bases quality and rcliability measurcrnent. 

\Ve define t.hree new u a priori 11 criteria t. o measnre t.he quality of fuzzy 
systems, they are Completeness, Redundancy and consistency. They are 
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correction of the error cormnitted by the agent, is called a Fuzzy Contextua! 
Filter (FCF). FCFs are composed by two parts: a corrective module, that 
given a.n input value provided by a.n agcnt and a sct of valucs for othcr 
variables in the enviromnent, filters the input 'ralue ( that is, tries to rernove 
the error from the input value) to obta.in a. ne\v, filterecl va.lue, and a. second 
module, thc rcliability computat.ion module, which computes thc confidcnce 
\Ve can deposit in the filtered value provided by the corrective module. 

The corrective module of a. FCF consists ba¡:;ically in a set of rules forming 
a fuzzy system. Those rules are obtained frorn experience or cornrnon sense 
and from past intcra.ctions bctwccn thc agcnt posscssing thc FCF a.nd thc 
agent \Vhose output is to be filtered. \Vhile the use of a fuzzy system for 
function approxima.tion is by no means new, the corrective module presents 
tvvo particular chara.cteristics: In one hand, it incorpora.tcs a initial rule base 
that can express the a pr·ior·i a..ssmnptions about the behavior of the other 
agents in the environment and serve as a departing point in the interpretation 
of other agcnts's assertions. On thc othcr ha.nd, thc overall structurc of thc 
module is fixed, \vith one main variable ( the input variable to be corrected 
or filtered) a.nd hero or more context variables measuring characteristics in 
the environment that can affcct the error present in the valuc of the input 
variable. The output of the module, the filtered variable, is a guess about 
the actual valuc of whatcver thc input variable is mca.nt to mcasurc. 

The reliability computation module computes the relia.bility of the value 
of thc filtercd variable obta.incd by thc corrcctivc module. Rcliability is a 
funct.ion of the main and context variables, that is, given values for the main 
and context variables, the relia.bility calculation module produces a value 
represcnting thc confidencc wc can ha.ve in the exactitude of the value of 
the filtered variable computed by the corrective module. R.eliability depends 
upon the number of prior similar interactions between filtering and filtered 
agcnts as wcll as upon the rcgula.ritics obscrvcd during that intcractions. Rc­
liability is computed as a combination of three fmzy system's quality criteria. 
applied to thc fuzzy rule~ bases in the correctivc~ module: complctcncss, re­
dundancy and consistency. This value can be cornputed exclusively from the 
structural characteristics of the system. That is, from the form of its rules 
and thc fuzzy scts uscd in thcir dcfinition. Thc computation of this quality 
value, then, is easily automatable. 

Finally wc havc describcd an cxpcrimcnt consisting in a simula.tion of 
the behavior of an annneter under different conditions of input intensity 
and temperature. The results of the experiment confirm the valiclity of the 
approach. 

It. is interesting to rcmark that the use~ of a fu¡¡:zy systcm in the~ imple­
mentation of the correct.ive module is just a design decision. Given the set 
of examples, it could be perfectly possible to implement it using a bunch 
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of different rnethods ranging frorn nenral nets to support vector machines, 
passing by 'va.velets and b-splines. The use of a fuzzy system ma.kes eas­
icr thc implcrncntation of thc rdiability module (by rncans of thc dcfinition 
of ::wveral reliability criteria, a.s cornpleteness, consistency and redundancy). 
The definition of similar or equivalent criteria in a black box type moclel, like 
nc~ural ncts, would be much more difficult. 
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Applications 





Chapter 3 

U sing FCFs for Variance 
Estimation in the ART Test bed 

3.1 lntroduction 

This cha.pter introduces a first application of Fuhz;y Contextual Filters (FCFs) 
t.o agcnt. modcling, concrct.cly t.o thc ART (Agcnt Rcputat.ion and Trust) 
Testbed. It is based upon previous \VOrk that can be found in [22]. First 
sections introduce ancl cliscuss in sorne clepth the main aspects ancl singular­
itics of thc ATI:T Tcst.bcd. Thc sccond part of thc chaptcr prcscnts scvcral of 
t.he techniques and algorithrns behind t.he appraiser agent SPARTAN. spe­
cially the application of FCFs to the estimation of other agents's a.ppraisals 
varianccs. Finally, t.lw chaptc~r includcs a discussion of thc rcsults of t.hc~ 

SPARTA~ a.gent in several national ancl international cha.mpionships ancl 
makc severa} proposals that, in our opinion, could improvc thc dcsign of thc 
t.est.bed and its m·erall use experience. 

3.2 The ART Testbed 

The Agent Reputation ancl Ttust (ART) testbecl r3, 32, 331 is a framevmrk, 
bascd on thc art appraisal domain, for cxpcrimcnt.ation and comparison of 
trust. modeling t.echniques. Agents function as painting appraisers with vary­
ing levels of expertise in different artistic eras. There is a set of customers 
( evenly distributed arnongst. the agent.s in t. he beginning of the sinmlation) 
\Vho request appraisals for paintings from different eras to the agents, and 
t.hcy havc to providc as accuratc cstimat.cd appraisals as possiblc for cach 
painting. The dients share, and thus the profit, for the next iteration of t.he 
algorithm \vill depencl upon the accuracy of the appraisals of each agent in 
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Figure 3.6: SPART1lN (wuler· tlw nickno.·m.e Niko) m?.r'.~ot!; lilJí, Nr!il and Fmst. 
Bottom: Rr!s'lllt., witlul'!tt 11 .. ~inr¡ FCFs. To1" Rr!~11.lts 11 .. ~irt.fl FCF.•. 
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ma,v apply (1·aJlking, ct.c), W(' wftJl\. a mC'1.hoc'l ablc 1.o kc(•p ilCrHr<li.C'ly 1.he 
dioot<tTICl' bctwce11 '-'11/~Tih< in thc diffcn:nt. run~, ~o we 11avc dec.:idcd to IH)nnal­
ize the re~ult.;; by dividiug tlw mo1wy earned b~· SI'AflTAJ.\ by tl1<' money 
earncd l>y 1 he r·crnc'.i ning bc~l agcn\ .. 'l'l1i;:; givc.; u.; an >.t(limclll:-ional mea•>u r·c 
of SPARTA:.\''~ e.tfi.c·inu:u that helpii the compari~on. 

Thr: rr:sull.;: nf 111 C' r:xpC'ri mr:n 1.;. en t1 he ~er:n in T}1.h lC' :~. 1 , w hcr(· \·fF. t=.l.n t1 r lt=. 
f(>r :Yiean Efticiency ami SD staJldH for StaJLdard Deviation. Re~ultH a.re very 
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0.999 for Set. A and great.er t.han 0.95 for Set. B). 

FCF ( along >vith the other tricks ancl techniqucs introducccl in this chap­
t.er) allmved SPARTAN, to v.rin t.he 4th position out of 18 participant.s in 
the 2nd international ART competition in AA.MAS 2007, Ma.y 14-18, 2007 
in Hawaii. A sunnnary of the cornpetition results and cornpetitor t.eams can 
be found in Appendix E. It vwuld be interesting to a.naliz;e the differences in 
thc stratcgics of thc SPARTAJ\ agcnt ancl thc othcr agcnts involvcd in thc 
cornpetition in order to discover the respective st.rengths and >veaknesses. 
"Cnfortunately, competing teams are genera.lly not too keen to disclose their 
t.actics, but i t scems that. thc main rcason of thc rclativc stronger perfor­
mance of other agent.s has to be fonnd in strategies directed t.o the fonnat.ion 
of strong coa.litions of cooperating agents. This is an aspect to wich SPAR­
TA:.J did not pay attcntion cnough. Perhaps in thc futurc wc will be ablc to 
integrate those kind of strategies int.o it.. Althougt. it. was not in the original 
plan, it would be interesting to see if the use of FCF's can give the a.gent a. 
more cornpet.it.ive edge. 

3.11 Conclusions and Proposals to the ART Testbed 
Designers 

In this chapt.cr, wc havc discussccl scvcral aspccts of the ART Ttstbed and 
present.ed the t.echniques and algorithrns behind t.he appraiser agent. SPAR­
TA:.J, spccially thc application of FCFs to thc cstirnation of othcr agcnts's 
appraisals variances. \Ve have also presented the prornising results of our 
a.pproxima.tion to the problem. As a. finish, and ever congratulating the ART 
t.estbccl designen:; ancl team in general for a wcll-donc job, wc would likc~ to 
make several proposals t.hat, in our opinion, conld improve the design of t.he 
testbed and its overall use experience: 

l. The simula.tor lacks a. mechanism allmving the a.gents to be a.wa.re of the 
rcputation valucs othcr agcnts are a.ssigning to them. That rnccha.nisrn 
oft.en exist in real-life scenarios and could be easily incorporated to t.he 
testbed. 

2. Five agent.s are definit.ely too fev,· t.o rnake reputation requests useful. 
After a.ll, every agent has its own experience which allmvs it to evalu­
atc as accuratcly as any ot.hcr agent thc rcliability of t.hc othcr agents 
\vit.hout. having t.o a..sk for it and t.hen translate the ans\ver. Reputa­
tion requests vmuld be useful in scena.rios \vith too many a.gents as to 
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S 

Figure 3. 7: A new fonnula for· the cmn¡mtation of the sto.ndanl deviation of the 
n:lo.ti'IJf: erTor· in appnú.mls. 





Chapter 4 

From Swarm Intelligence to 
Crew Intelligence: Bar Systems 

4.1 Introduction 

This chapt.cr prcscnts Bar Syst.cms: a family of vcry simple algorithms for 
different dasses of complex optirnization problerns in static and dynamic en­
vironments by means of reactive multiagent systems. Bar Systems belong to 
t.hc family of Crcw Intclligcncc algorit.hms, a cxtcnsion of Swarm Intclligcncc 
algoritlnns also introduced in this chapt.er, t.hat endmvs individual agents 
vv'ith additional communicative and local planning abilities. Bar Systems are 
looscly inspircd in thc bchavior that a crew of bartcndcrs can show while 
serving drinks to a crovvd of cnstorners in a bar or pub. \Ve \Vill see how Bar 
Systems can be applied to COKTS, a NP-hard scheduling problem, and hmv 
t.hcy achicvc much bcttcr results than othcr grccdy algoritluns in thc "ncarcst 
neighbor" st.yle. \Ve will also prove this franwwork to be general enough to be 
applicd to ot.her intcrcsting optimization problcms likc gcncralizcd vcrsions 
of the fiexible Open-shop, Job-shop and Flmv-shop problerns. 

The chapter is organized as follmvs: in the next section we will rnake a 
short introcluction to the main Swarm Intelligence concepts and techniques. 
In scction 4.3 wc will introduce thc novel concept. of Crcw Intclligcnce and 
compare it to Swarrn Intelligence. In section 4.4 \Ve will present and forrnalize 
the concept of Bar System, in section 4.5 we present the CO)JTS problem, a 
1\P-hanl scheduling problem for rnulti agent systerns vdüch >vill serve us to 
test the performance of Bar Systems. In sections 4.6 ancl 4.7 \ve \vill see hmv 
t.o solvc thc COKTS problcm using a Bar Syst.cm and we will commcmt. t.hc~ 

result.s. Finally, in section 4.8 , we \Vill dra\v some condusions and we will 
discuss sorne directions towards \vhich future vmrk can be directed. 
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4.2 Swarm Intelligence 

A commonly accepted and used definition of the term Svvarm Intelligence is: 
"t.hc propcrt.y of a systcm whcrcby thc collcctivc bchaviors of (unsophist.i­
catecl) agents interacting locally \vith their environrnent cause coherent func­
t.ional global pattcrns to emerge". Thc origin of thc tcrrn is to be found in 
the observation of social insect colonies and its paradigm is an ant colony. In 
it, individual ants' behavior is controlled by a small set of very simple rules, 
but thc~ir intcractions (also vcry simple) vvith thc cnvironrncnt allow thcrn to 
solve cornplex problerns (such as finding the shortest path frorn one point to 
another one). Ant colonies ( and the sa.me could be said a.bout human be­
ings) are intclligent systcrns with great problcm solving capabilitics, formed 
by a quantity of relat.ively independent awl very simple snbsystems which do 
not shmv individual intelligence. It is the "many nihvits make a 'vitty one" 
phcnomcnon of cmcrgcnt. intclligcncc. 

A bunch of Swarm Intdligcncc-inspircd problcrn solving tcchniqucs havc~ 
appeared over the last few years. Three of the rnost successful such tech­
niques currently in use are Ant Colony Optimilmtion r241, Partid e Swarm 
Optimization [47j a.nd Stochastic Diffusion Search [Gj. Ant Colony Opti­
mizat.ion techniques, also knmvn as Ant Syst.erns, are based in ants' foraging 
behavior, and have been applied to problems ranging from determination 
of minimal paths in TSP-likc problcms to nctwork traffic rcrouting in busy 
telecornrnunications systerns. Partide S·warrn Optirnization techniques, in­
spired in the way a fiock of birds or a school of fish mü\res, are general global 
rninimiza.tion technique:J which deal with problcms in which a bc:Jt solution 
can be represented as a point or surface in an n-dimensional space. Stochas­
t.ic Diffusion Scarch is anothcr gcncric population-ba.sccl scarch mcthod in 
\vhich agents perfonn cheap, partial evaluations of a hypothesis (a candidate 
solution to the search problem) and then share information a.bout hypothe­
ses (diffusion of inforrna.tion) through direct onc-to-onc cornrnunication. As 
a result. of the diffusion mechanism, high-qnality solutions can be identified 
from clusters of agents \vith the same hypothesis. 

Swarrn lntelligence techniques present se,.reral advantages uver more tra­
ditiona.l ones. On one hand, they are cheap, simple a.nd robust; on the other 
hand, thcy providc a ba.:Jis with which it is possiblc to explore collectivc (or 
distributed) problern solving without centralized control or the provision of a 
global m o del. O ver the last years they ha ve found application in a vúde va.­
riety of dornains: collective robotics, vehicle navigation, planetary rnapping, 
streamlining of a.ssembly lines in factories, coordinated robotic tra.nsport, 
banking data analysis and much more~. Thc intc~rcstcd rcaclcr can fincl a lot 
of useful references about self-organization and Swarrn Intelligence theory 
a.nd applications in r4, 8, 7, 28, 43, 501. 
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C = {c1, c2, ..., cn} L = {l1, l2, ..., lm}
P = {(x, y) ∈ {0..MaxX} × {0..MaxY }}
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Chapter 5 

U sing FCFs to Filter 
Inter-Agent Communication 
Bar Systems 

5.1 lntroduction 

• 
lll 

\Ve have seen in Chapter 4 hmv Bar Syst.erns can show rernarkable perfor­
mance in t.hc rcsolut.ion of difficult. problcms likc CONT and how t.his good 
performance relies heavily u pon the conununication abilit.ies of the individual 
agents. The importance of the inter-agent communication makes possible, 
t.hcrcforc, that thc failurc of onc or more agcnt.s to providc t.ruc and accuratc 
inforrnation to the ot.her agents in the syst.ern could result in a substanüve 
cleterioration of the problem solving capability of the Bar System. 

IVIain causes for thc cornrn1.mication of falsc or unaccuratc inforrnation 
\vere exposed in Section 1.2. They can be divided in hvo dasses: intentional 
and unintentional. Intentional false communication may occur typica.lly in 
cornpctitivc sccnarios whcrc an agcnt tries to gain a compct.itivc aclvantagc 
by fooling their more collaborative mates. e nintentional cormnunicat.ion 
of false infonnation, on the other ha.nd, can be due to several reasons. For 
cxa.rnplc, thc agcnt that crnits thc information can spcak a diffcrcnt languagc 
that the a.gents that receive it (perhaps because they are using different 
mcasurcmcnt syst.cms). It is a.lso possiblc for an agcnt t. o be not awarc of so me 
disfunctionalit:y in its behavionr vvich rnakes it to connnunicate inaccurate 
information (a defective sensor, for example). \Vhichever the case, it is clear 
that a rncchanisrn a.blc to dcal with thosc problcms is nccdcd. 

\Ve saw in the arnrneter ca..c;e study in Chapter 2 how FCFs can deal 
effectively with the problem of unintentiona.l false information, the kincl of 
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j Reachve Robots Simulatron llllliJEJ 

Choose Agent T ypes File 1 

lc:\esteve\pollastres\agentsN.atl 

A!l!!nl l!l!!!• o .. Agent 

Normal r .. 
Greedy [2 r 

Lazy [2 r 

Faster [2 r 

NewContProb ~ 17 Lines 

Start/Reset 1 1 1 p 

Total Prom : 291 
Total Distance : 3946.1 1 
Ratio: 0.07 

2 F aster Agents 
Total Profit : 782 
Total Distance : 5888.58 
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Figure 5.1: Tlu~ gmphú;al intf:!fru;f: to thf: s•árr:u.latúnL Age·nts {IJig dots) go for 
¡m.~.w-~nget·s (srnall dot.~J and tlu.~n tmnsr;mt tlu:m.. In the fig•an;, Wf.' can Hf.'t: fo'l/:r 
r1.gents r.:mnpding for· the .mme ¡H1ssengcr. 

parts. First part randomly gcncmtcs, according to a fixcd prohability distri­
bution, new passengers 'vith their associatecl profit. The seconcl pan calls, for 
cach agcnt, thc thrcc subroutincs that define its bchavior: chooscDircction 
chooses a direction to go based on the available passengers and the inforrna­
Lion providecl by odwr agenLs about their rwef'erences, 1lpdalePosilion simply 
calculatPs thc position of <~ach ag<~nt at <~ach sinmlation cydc. Firmlly, thl~ 
procedure duTh·inys perfonns, if necessary, the load ami uuload actions. The 
third part of thc main proccdurc of thc f3imulator actuali:ccs thc gra.phic out­
put (Figure 5.1). Fina.lly, \vhcn the sinmlation is finislwd, (usua.lly a.ftcr a. 
pre!ixed number of Herations) the program calls a procedure Lhat compuLes 
somc Ht.atístics and resnlts abont t.h<; agcnts' bchavior a.nd p<:rformancc. 

5.2.3 The fit function. Computing the preferred customer 

Thc prcn~dcnt scdion shmv<~<l how, at cach it<~ra.tion of tlw nmin loop of 
the simulator, agents must decide the best directíon to go. That decision 
is quite simple to takc: if thc agcnt is currcntly carrying a passcngcr, he 
keeps his current direction tO\varcit:; the passenger's destination point. lf the 
agenL carríes noLhing, a iiL func:Lion is evaluated for each availa.ble passenger 
awl thc agcnt dwosc as cmrcnt din~ction thc position of tlw pa.sscngcr tha.t 
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ha ve to define the sets of fuzzy sets that give rneaning to the linguistic labels 
for each of the fuzzy variables: dístance, pmfit, ínter·est and finterest. For 
the sake of simplicity, >ve havc decided to ha ve two common sets of fuzzy sets 
for all four agent types. That corresponds to a MAS system in >vhich all the 
individual agents share a similar vision of the >vorlcL That is, all them mean 
the sa.mc thing whcn thcy say, for cxample, that the distance to a passcnger 
is ver:y high or that the profit a..ssociated with a passenger is rnediurn. The 
definition of the labels can be seen in Figure 5.2. In the experiments, a total 
of five simulations were carricd out, each of thcm consisting of 200 iterations 
of 12000 cydes. In all the simulations, a single evolving smart-type agent 
competes against six othcr agents. In the first four simulations, competitors 
are all of the sarne t:ype (srnart, greedy, lazy and fast, respectively). In the 
fifth simulation, competitors are one of each type. The results of the five 
series are quite similar. Figure 5.4 shows a summary of the results of two 
of the simulations. In both parts of the figure, a graph of the performance 
of the agent without the use of FCFs, as \vell as several gra.phs of its perfor­
mance using spccific, constant FCFs are shown for referencc purposes. Fhnn 
the cornparison between the perforrnances of agents using FCFs and that of 
those that do not use them, it is evident that FCFs have the capability of 
significantly incrcase the performance of the agents. On thc othcr hand, it is 
also e'.rident that FCF learning is perfectly possible ( even with an algoritlun 
as simple~ as the one used). This featurc of FCFs, along with thcir simplicity 
and generality, rnake thern an excellent frarnework for the rnodeling of sorne 
social aspects, like trust and confidence, of MAS. 

5.4 Conclusions and Future Work 

In this chapter we have discussed the role that information filtering plays 
in both collaborativc and compctitive multiagent systcms. \Ve have reached 
the condusion that it is necessary for an agent in a MAS, in order to increase 
its performance, to have mechanisms allowing it to model the other a.gents 
from the point of view of thc confidcncc they dcserve. \Ve havc prescnted a 
method based on fuzzy set theory that allows the filtering of the infonnat.ion 
provided by other agents through the use of FCFs. This method is simple, 
general and suitablc to the application of a wide variety of lcarning tcch­
niques. \Ve have presented, too, a sirnulation in which a cornrnunity of taxi 
driver agents compete against each other for transporting passengers and \Ve 
have, finally, seen how social knowledge, understood a..c; knowledge about the 
rules tha.t determine the behavior of other a.gents in the community, can be 
learnt by individual agents, in thc~ form of fuzzy rules in FCFs, through evo­
lution. There are several directions in which this research can be extended. 
In particular, the following subjects can be object of further study: 
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Chapter 6 

Conclusions 

This t.hesis introduces t.he novel ( concerning the rnultiagent systerns fiel el) 
concept of reliability. It argues that reliability not only extends the concept 
of trust., but. also bcats it. in t.crms of uscfulncss. Ildiahility is dcfincd as t.hc 
quality of an agent. that tends to give the same or a similar response \vhen the 
same or a similar question is asked under the same or similar circumstances, 
rcgardlcss of the erroncous thc ans>vcr can be. This rcgularity in the error 
cormnit.ted by the agent in his response can allmv us to extract knowledge 
from it. 

The device presented in order to ma.ke possible the computation of the 
rcliability of a givcn agcnt. undcr a givcn sct of circumstanccs, as wcll as t.hc 
correction of the error cormnitted by the agent, is called a Fuzzy Contex­
tua! Filter (FCF). FCFs are composecl by hvo parts: a corrective module, 
t.hat given an input. 'ralue provided by an agent and a set. of values for other 
variables in the environment, filters the input val u e ( that is, tries to remove 
t.hc error from t.hc input. valuc) t.o obtain a ncw, filt.crcd valuc, and a sccond 
module, the reliability cornputation module, vdüch computes the confidence 
we can deposit in the filtered value provided by the corrective module. The 
corrcctivc module of a FCF consists basically in a sct of rules forming a fuzzy 
system. Those rules are obtained from experience or comrnon sense awl frorn 
past interactions betv,·een the agent possessing the FCF and the agent >vhose 
output. is to be filtcrcd. Ilcliability is computcd as a combination of t.hrec 
fuzzy system's qualit:y criteria applied to the fuzzy rule ba..ses in the correc­
tive module: completeness, redundancy and consistency. This value can be 
cornputed exclusively fnnn the structnral characteristics of the systern. That 
is, from the form of its rules and the fuz;zy sets used in their definition. The 
comput.ation of this quality value, t.hcn, is casily automatable. A cxpcrimcnt 
consisting in a sinmlation of the behavior of an armneter under different con­
ditions of input intensity and temperature has been carried out. The results 
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NP

Appendix D 

The Complexity of the CONTS 
Problem 

A les planes segiients podem veure diferents instancies del problema junta­
ment ambles seves solucions. A la figura D.l vegem comuna petita variació a 
les condicions inicials fa que la solució sigui complctamcnt diferent. El prob­
lema és encara més difícil del que sembla a primera vista; per tal d'aconseguir 
portar tots els contenidors a temps, de vegacles és necessari carregar un con­
t.cnidor durant un temps i desar-lo temporalmcnt. a algun punt difcrent. del de 
lliurament per anar després a portar altres contenidors i, finalment, tornar a 
rccollir- lo. (figura D.2, a dalt). ~I(~s encara, la figura D.2, a baix, mostra un 
problema pel qual la única solnció passa per transportar temporalment un 
contenidor a un punt que ni tan sols es traba a la recta que uneix la posició 
inicial del contenidor amb el seu lloc de lliurament. 

Aquestes solucions s'han trobat mitjanc;ant un algorisme de cerca exhaus­
tiva implementat en Prolog r1s1. El temps ele c;'ilcul necessari per a trabar 
les solucions (:s de l'ordre de deu segons, pero creix molt rápidament amb el 
nombre de contenidors i robots. 

D.l CONTS és NP-Hard 

És dar que, abans d'intentar trobar nu~todes per a solucions el problema, 
ens hem de fer una idea de la seva complexitat. Un métode heurístic per 
a trobar solucions aproximades mitjaw;:ant. agents reactius no tindria sen­
tit si existissin métocles clirectes ele complexitat polinómica. De la mateixa 
manera, si el problema (~s de complcxitat no determiníst.icamcnt polinómica 
( ) , el mes probable és que no podrern fer servir nH~todes exhaustius i 
ens haurem de centrar en métodes que proporcionin solucions aproximades. 
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Appendix E 

SP ARTAN in the Second ART 
Test bed Competition 

E.l SPARTAN in the Second ART Testbed Com­
petition 

SPARTA.:'{ participated in the Second International ART competition, held 
in Hawaii, Honolulu, from rviay, 14 to l\Iay, 18 of 2007 in conjunction wit.h t.hc 
Sixth International Joint Conference on Autonornous Agents and rviultiagent 
Systems (AAJ\1AS 2007). It qualified fifth in the preliminary rouncl ancl then 
won a position in t.hc final round to finish in fourth placc1• 

Table E.1 presents the list. of the cont.est.ant temns in the championship. 
Thcrc is a total of cightccn tcams coming from univcrsitics ancl rcscarch ccn­
t.ers all over the vvorld. Tables E.2 and E.3 show the result.s of the prelirninary 
and the final round of the championship, respectively. 

1SPARTAN did not compete in the First International Competition. SPARTA:'-r a.lso 
managcd to attain, without major modifications and despite major changcs in thc t(~sthed 
(ma.inly rela.tive to the number of agents in each simulation), the sixth place in the third 
international ART cornpetition, held in Estoril, Portugal, in conjunction >vit.h t.he Seventh 
Internationa.l Joint Conference on Autonomous Agents a.nd 1\Iultiagent Systems (AA:'viAS 
2008). 
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Table E.l: List of competitor·s in the Second Intenw.tional ART TF;stlml Championshíp. 

Agent Name 

ZcCariocaLcs 
Rex 

l\ovd 

I3li:z:zard 
Xcrxcs 

Candela 
Uno 

Marmota 
SPARTA:\r 

IA1J2 

Alatrist.c 
LesMes 

L\IM 
.J am 

Agente Vicente 
Ileneil 
TDP 

aGente 

Team Representative 

Andrcw Diniz 
Kunyuan Goh 

Alberto Caballero Martíncz 

O:zgur Kafali 
.J ami e Lawton 

Echvin I3oa.;.-, 
Víctor Muñoz Solá 

.Javier M urillo Espinar 
Esteve del Acebo 

\V. T. Lukc Tcacy 

:'viario Gomcz 
Francisco París Soriano 

.Javier Carbo 
Anil G urscl 

María. Teresa. Vicente 
.Jianshu \Vcng 

Doran Chakrabort:y 
Mika.lai Sabel 

Team Affiliation 

Pont.ifícia Univcrsidadc Católica do Ilio de .Janciro 
Department of Computer Science, University of \Vanvick 
Dpt.o de Ingeniería de la Información y las Comunica­
ciones,Univ de Marcia 
Department of Computer Engineering, I3oga:zici University 
Information Dircctoratc, C.S. Air Force Ilcscarch Labora­
tory 
Soena.ryo l\anyang Technological Cniversity 
University of Girona 
University of Girona 
Agents Research Lab, Cniversity of Girona 
Elcctronics and Computcr Scicncc, Univcrsity of Southamp­
ton 
Carlos III Univ. of Madrid and Cniv. of Aberdccn 
Carlos III, Cniversity of Madrid (GIAAA) 
Univ. Carlos III ele Madrid 
Dcpartmcnt of Math and Computcr Scicncc, Thc Univcrsity 
of Tulsa 
Universidad Carlos III de Madrid 
Nanyang Tcchnological University 
University Of Tulsa 
University of Trento 
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Table E.2: Results of thc prdiminar-y mund o.f the Second Intcmational ART 
Testlu:d Charnpionship. 

Rank 

1 
2 
3 
4 
¿) 

6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 

Agent N ame 

IA:\12 
.Ta.m 

Blizzard 
ZeCariocaLes 

S partan 
ArtGent.e 

"Cno 
Rcncil 

:\,Iarrnota 
Novel 

Alat.ristc 
Rex 

IIVI\I 
Lcs:\-Ics 

Agente Vicente 
Xcrxcs 

Avg. Bank Balance 

539377 
353700 
335933 
319564 
311777 
298897 
293324 
269905 
264356 
229501 
225276 
211467 
200440 
183655 
181932 
148610 

Table E.3: Res·ults of the final m·und o.f the Second Intemational ART Testbcd 
Clw.rnpion.~hip. 

Rank 

1 
2 
3 
4 

Agent Name 

IA:\'12 
.Tam 

Blizzard 
S partan 

ZeCariocaLes 

Avg. Bank Balance 

1107270 
743077 
723971 
674723 
578524 
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