Understanding Tag Systems by

Comparing Tag models 1

David Hales

Department o fComputer Science

Universityof Bolo gna, Italy.

dave@davidh ales. com

Abstract

Sin ceHollan d (1993) in troduced th e con cept of tags a n umber of tag models with in triguin g an d poten ti ally veryuseful, properties h ave been advanced. However th ere is currentlylittle un derstan ding as toth e exact mech an isms that produce th ese results. Specificallyit is n ot kn ow wh at (if an y) are th e n ecessar ycon dition s for tag systems toproduce h igh l evels of cooperation in social dilemmas. In th is paper by comparing existin g tag models to formulate a h ypoth esis an d th en using simulation we iden tifywh at appears be a n ecessarycon dition for high cooperation . Previous tag models implicitlycon tain ed the condition but auth ors did n ot iden tifythe sign ifican ce of it.

1. Introduction

Tags are markin gs or social cues th at are attach ed to in dividuals (agen ts) an d are observable byothers (Hollan d 1993). Th eyevolve like anyoth er trait in a given evolution ar y model. The keypoin t is th at the tags h aven odirect behavioral implication for the individuals th at carryth em. Th rough in direct effects, however, th eycan evolve from in itiallyrandom values in to complex ever ch angin g pattern s th at ser ve to structure in teraction s between in dividuals.

Riolo (1997) sh owed h ow tags could boost cooperation in a scen ario in volving agents playing the iterated prison ers dilemma (IPD). Agen ts bias th eir game playin g towards individuals with similar tags (th e indirect effect). In these studies tags were represented bya sin gle real number attach ed to each agen t.

SubsequentlyHales (2000) advan ced a model, using binarytag strin gs th at demon str ated th eevolution of cooperative in teraction s in the sin gle roun d Prison er s

1 This work partiallysupported byth e EU within th e 6th Framework Programme under con tract 001907 (D ELIS).

Dilemma (PD) . Furth er work (Riolo et al, 2001) sh owed th e emergence of altruistic givin g behavior an d th e evolution of cooperation an d specialization (Hales 2002) 2 .

Th ese latter models are importan t because theyadvan ce a n ovel mech an ism for evolvin g coordinated and cooperativein teractions between un related agen ts th at h ave no kn owledge of each other and h ave n ever met previously(i.e. stran gers). This obviates the need for repeated inter actions (Tivers 1971), "gen etic" relatedn ess

(Hamilton 1964), "image scorin g" (N owak an d Sigmund 1998) or strict spatial relationsh ips (Nowak an d Sigmun d 1992) in th e production of cooper ation. Tag mech an isms th erefore have poten tial en gin eerin g application s wh er e these oth er meth ods are n ot applicable (Hales an d Edmonds 2003).

Althou gh th egen eral mech anism bywh ich tags produce th ese results appears to be th eresult of a dynamic group formation an d dissolution process (Hales 2000,

Riolo et al 2001, Sigmun d an d Nowak 2001) with selection at the group - level, th ere h as been little analy tical or empirical exploration of this h ypoth esis. In deed it is not even curren tlyun derstood wh at th e n ecessar yand / or sufficient conditions might be to produce tag systems what giverise to th ese proper ties of inter est (oth er th an th e specific existenc e proofs of th e simulation results presen ted). In this paper we begin th is process.

2. Paper Outline

In th is paper we iden tifywhat appears to be a n ecessarycon dition that all previous models implicitlycon tain ed. In each case th e auth ors h ad not identifi ed th is property as sign ifican t, yet with out it th e phen omena of in terest disappears. We report th e results of computation al simulation s th at demon str ate th e n ecessityof th e con dition an d begin tosketch out a waytowards analyticallycapturin g th e con dit ion .

Th e n ecessarycondition is th at the mutation rate of the tag must be much higher th an the mutation rate applied to an ybeh avioral traits. In this waycooperative

"groups" (agen ts sh arin g th e same or similar tags an d in teracting cooper ativelywith each oth er) can be "cloned" before bein g in vaded byexploitative mutan ts that "kill" or "dissolve" the group. We demonstrate th is by varyin g a parameter (th e tag / action trait mutation ratio) over man yof run s of a simulation model an d measure cooperation. Th e result is a (n on - linear) sigmoid - like relationsh ip, in dicatin g a tran sition th reshold for th e relative mutation rate in a given system.

Sin cerecent work (Hales and Edmon ds 2003 an d in press) h as indicated h ow tag mech an isms migh t be applied tothe solu tion of complex en gin eering problems a deeper un derstan ding of the necessaryan d sufficien t con dition s of application would be timely. Such mech anisms have application in self - organizing adaptive Peer - 2 -

Peer networks (Hales an d Edmon ds in press) an d distri buted and spon taneouslyself -

2 It sh ould benoted th at th e con clusions of th ese further studies h ave been question ed

(Roberts an d Sherrat 2002, Edmon ds an d Hales 2003). Essentiallythe scen arios do n ot bear too close a comparison to a PD because th ere is no dilemma.

organizing mobile agent based application s (wh ere issues of trust an d cooperation are paramoun t but can not easilybe dealt with using tradition al tech n iques).

3. Some Previous Tag Models

Th ere h ave been a number of tag (simul ation ) models implemen ted each demon str ates h ow h igh er - th an - expected levels of cooperation an d altruism are produced wh en tags are employed. In all cases th e models implemen t evolution ary systems with assumptions alon g th e lin es of th e replicator dynamics (i. e.

reproduction intoth e n ext gen eration propor tion al to utilityin th e curren t gen eration an d n o ^gen etic - style~ cross - over operation s but low probabilitymutations on tags an d strategies).

Riolo (1997) gave results of studies applying tags in a scen ar io wh ere agen ts played dyadic (pair wise) Iterated Prisoner´s Dilemma games (IPD). Tags

(represen ted as a sin gle real number) allowed agen ts to bias their partn er selection to th ose with similar tags (probabilistically). He foun d th at even small biases sti mulated h igh levels of cooperation wh en there were enough iteration s of th e game with each pairin g.

In Hales (2000) a tag model was applied toa sin gle r oun d PD, on e where pairin gs resulted in a sin gle game of PD. Tags were represented as binarystr ings.

P airing was stron glybiased bytag iden tity(rath er th an pr obabilistic similarity). In th is model veryh igh levels of cooperation were produced between stran ger s in th e sin ge round game if th e bin arytag strin gs were long en ough .

In Rioloet al (2001) a tag model was applied to a resource - sh arin g scen ario in wh ich altruistic givin g was shown toemerge. Agen ts wer er an domlypaired (some n umber of times) an d decided if to give resources or n ot. Th e decision to give was based on tag similaritymediated bya ^to leran ce gen e~ as well as th e ^tag gen e~

(both represented byreal n um bers). Th e utilityto the receivin g agent of anygiven resource was greater than toth at of the giving agent. It was shown that if each agent was paired en ough times in each gen eration an d the cost/ben efit ratio was low en ough th en high levels of cooperation were foun d.

In Hales an d Edmonds (2003) tags were applied to a simulated r obot coordination scen ario, originallygiven byKalen ka an d Jen nings (1999), producin g h igh levels of cooperat ive h elp givin g.

3.1 Mutation in the Models

We will now describe in a little detail h ow mutation was applied to th e agents in each of th e above models. We will n ot discuss the specific details of the reproduction process sin ce we do n ot con sider th is rele vant to the focus of th is paper - in all cases it is safe to assume that varian ts of ^r oulette wh eel~ selection an d ^tourn ament selection ~ were used. These produce probabilistic selection intothe next gen eration followin g the replicator dyn amics assumpti ons stated earlier. Neith er will we focus on th e in teraction s or specific payoffs applied in each model, suffice to sayall models capture some kin d of collective coordin ation / cooperation problem in wh ich ch eatin g or free r idin g is possible un der certain con dition s.

In order to examin e an d compare m utation sch emes we make a distinction between th e mutation rate applied to th e tag an d that applied toth estrategy. In all cases agen ts ar erepresen ted in the models usin g sets of artificial ^genes~ (some set of data types) th at are mutated wh en copied into th e n ext gen eration .

Th e publish ed descr iption s of the models all explicitlystate th at th emutation rate applied to th e tag an d th e strategyis th e same (some probability). We label th is r ate m . However , mo dels varyin th e mutation operation applied with probability m an d in th e waytheyr epresen t tags an d str ategies. Here it is claimed that th is variation of mutation operation an d tag / strategyrepresen tation can hide what is best understood as a variation in mutation rate .

<Tag type> [range] Strategy Examples Reference

<R> [0.. 1] <R R R> <0. 05><1,1,1> Riolo 1997

<B B B B> [0 | 1] < B > <0 1 1 0><0> Hales 2000

< I > [1..500] < B B > <324><0 1> Hales & Edmon ds 2003

< R > [0. .1] < R > <0. 6><0. 5> Riolo et al 2001

Table 1. Examples of th e representation s of tags an d strategies in various tag models. For details see the text.

In Hales (2000) tags are repr esen ted as fixed len gth bit strin gs (experiments were conducted using various len gths of strin gs ˘ in table 1 we sh ow th e four bit case only) and str ategies as a singlebit (either tocooperate or to defect). Th e mutation rate was m = 0.001 an d th e population size was p = 100. Sin ce each agen t is completelyrepresented bya binarystrin g the mutation oper ation is simplyto flip each bit with probability m (both tag an d strategybits). It would superficiallyappear th at str ategyan d tag are th erefore mutated at th e same rate an d in the same way.

However the results given in Hales (2000) sh ow th at h igh c ooperation on lyoccurred wh en the n umber of tag bits L was large (L ³ 32). In th ese cases th e tag is more prone tomutation th an th e str ategy. An ymutation in th e tag creates a n ew distinct tag because pairin g in th e model is based on tag identity n ot simi larity . Th e effective mutation rate on th e tag as a wh ole is 1 - (1 - m ) L so for L = 32 bits th e mutation rate on th e tag is 32 times th at on th e str ategy.

In Riolo et al (2001) each agen t is composed of two real n umbers (see table 1) - one represen tin g its ta g and on e representin g a so - called ^toleran ce~. The tolerance is a kind of ^proxystrategy~. Essen tially(simplifyin g) a smaller tolerance value means a less cooperative agen t. Mutation is applied toboth th e tag an d toleran ce with pr obability m = 0.1. Aga in , superficially, it appears th at both are bein g mutated at the sam erate. However , th e mutation operation applied to the tag and tolerance is n ot th e same. Wh en mutation is applied to the tag it is replaced with a n ew r an dom value drawn in formallyfr om t h e r an ge but when th e tolerance is mutated it has

Gausian noise (of mean 0 an d stan dard deviation 0.01) added to it. Sotags, wh en mutated, get new values but toleran ces get modified bysmall values. We would expect the absolute average tag ch ange amoun t 3 to be one th ir d when mutation is applied. Sin ce m = 0.1 we might ch ar acterize th e average overall tag ch ange amount to be » 0.0333. In th e case of tolerance th eabsoluteaverage ch ange would be almost two or ders of magnitude lower ( » 0.0008).

In both Riol o (1997) an d Hales an d Edmon ds (2003) our analysis becomes sligh tlyless straigh tforwar d. In both cases strategies are composed of multiple

^genes~ which do n ot simplyrelate to un conditional cooperation or selfish behavior.

Th is is in part due to the scen arios. In Riolo (1997) agen ts playth e IPD with agen ts h aving similar tags for a n umber of rounds. Th e level of cooperation produced is n ot h igh an d constant but fluctuates with periods of h igh an d low cooperation . Tags are represented bysingle real value s [0.. 1], strategies bytriples of r eal values < i, p, q >

(see table 1) capturin g a probabilistic IPD strategyspace ( i is th e probabilityof cooperation for th e fir st roun d, p th e probabilityof cooperation if in the previous round the oth er agent cooperat ed, q th e probability of cooperation if th e oth er agen t defected on th e previous round). So a space comprising tit - for - tat as well as pure defection an d pure cooperation is formed (alon g with probabilistic varian ts). Th e mutation rate m = 0.1 is th esame f or each trait as is th e operation (addin g Gaussian n oise with mean 0 an d stan dard deviation 0. 5). Her ewe h avean interestin g coun ter - poin t to th e previous model (Hales 2000) wh ere we stated (above) that because th e tag was split in to several parts the ef fective mutation rate was h igher than th e strategyth at was specified as a sin gle ^gen e~. Her e, we h ave the r everse, so sur ely th is suggests th at th e mutation rate applied to the tag is lower th an th at applied to th e strategy? In on e sense th is is true. Ho wever, wh at is importan t is not th e mutation of the repr esen tation as such , th e stored value, but how that value relates to behavior . Sin ce th e strategyis a triple, in wh ich pure cooperation is represen ted as all values bein g 1 an d pure defection all valu es bein g 0, the relationship between mutation and th e resultan t ch ange in str ategyis not simple. However we can n ote th at th e probabilityof going from a triple of zeros to a tripleof on es (from pure defection to pure cooperation ) in a sin gle (or even mu ltiple) mutation even t is approach in g zer o. However, since we are talkin g about IPD n ot sin gle roun d PD th e situation is more complex an d we leave detailed treatmen t to a future work 4 .

In Hales and Edmon ds (2003) simulated robots work in teams toun load t rucks in a wareh ouse. Here again we h ave a strategycomposed of multiple parts. In th e model tags are r epresen ted as single cardin al values [1.. 500] and strategies as pairs of bin aryvalues. Again th e waythe strategyeffects behavior is complex and modera ted byth e scen ar io. A strategyrepresented by bit values ^11~ represen ts full cooperation wh ereas a value of ^00~ represen ts completelyselfish behavior. Mutation is applied

3 Here (an d in th e following examples) we make a few simplifyin g assumption s

(n amelyth at tags are treated as random variables).

4 It is worth noting th at the cooperation found in the paper (Riolo 1997) was n ot of th e ^stron g~ single in teraction kin d given in Hales ( 2000) an d Riolo et al (2001).

In deed on e of the fin dings of the paper was that tags did n ot produce cooperation in th e single roun d game.

to th e triple of traits with r ate m = 0.1. Th e mutation operation is toreplace t h e existing value with an oth er value chosen un iformlyran dom lyover th e space. Again simplifyin g th in gs a little we can sayth at th e probability of a str ategych an ging from

11 to00 (or vice ver sa) is the probabilityth at two bits are replaced with their c omplimen t 0.25(m 2 ) = 0. 0025. Th e probabilityof a completelyn ew tag (tags are distinct in tegers, m atching is based on iden tity) is 0.998(m) = 0.0998.

So, our an alysis of these existing models sh ows th at tags mutate more quickly th an strategies un der algor ithms that presents a uniform mutation rate. Of importan ce (as stated before) is the representation of tags an d strategies an d mutation operators taken togeth er with th e m utation r ate. On lybycon sidering all th ese factor s can an un derlyin g average relativ e rate of ch an ge be determin ed between th e two en tities (tag an d strategy). In each casewh en we do th is we find that th e tag ch anges much more quicklyth an th e strategy. Now we advan ce a h ypothesis based on this.

4. Hypothesis and Theory

From our analysi s of th e mutation sch emes in th e previous tag models we n ow advan ce a qualitative h ypothesis concern in g a n ecessarycon dition for tag models to produce h igh cooperation in on e - time in teraction s: f or tag based systems to support high levels of co operation tags must mutate faster than strategies . We can also state a qualitative ^min i - th eory~ to explain th is: Cooperative tag groups need to spread

(by mutation of tags) before free - riders (by mutation on strategies) invade the group.

We don´t have a q uantitative complement toth ese two statemen ts. It would appear that in order to determin e the specific n umbers in a specific scenario (model) we would n eed to consider the n ature of th e tag space, the n ature of th e strategy spaceand th e wayagen ts specif icallyin teracted (th e game). Th is is an aspect of on - goin g work.

5. Testing the Hypothesis

In order to test (at least partially) our h ypoth esis we implemented a n ew

(min imal) tag model in wh ich agen ts playsin gle roun ds of PD. We con sider th e result of hi gh cooperation in th e sin gle round PD th e most sign ifican t result so far advan ce for tags. Addition allythe scen ario is well un derstood an d there are man y existing models th at allow for comparison . Th e singe - round PD captures, in a min imal way, man yof th e essential features of th e pr oblems of cooperation in collective inter actions. In our tag model (described below) we var ied the relative mutation rate between th e tag and str ategytoexamin e if this had an effect on th e amoun t of cooperation produced. Firs tlywe describe the PD.

5.1 The Prisoner´s Dilemma

Th e Prison er’s Dilemma (PD) game captures a scen ario in which th ere is a contradiction between collective and self - in terest. Twoplayers interact byselectin g one of two ch oices: Eith er to "cooperate" (C) or "defect" (D). For th e four possible outcomes of th e game players receive specified payoffs. Both players receive a reward payoff (R) an d a pun ish men t payoff (P) for mutual cooperation an d mutual defection respectively. However, when individuals select d ifferent moves, differential payoffs of temptation (T) an d sucker (S) are awarded to th e defector and th e cooperator respectively. Assumin g that n either player can kn ow in advan ce wh ich move th e oth er will makeand wishes the maximizeher own payoff, th e d ilem ma is evident in th e ran king of payoffs: T > R > P > S an d th e con strain t that 2R > T + S.

Although both players would prefer T, on ly on e can attain it. No player wan ts S. No matter wh at th e other player does, byselecting a D move a player en sures sh e gets eith er a better or equal payoff to her partn er. In th is sen se a D move can’t be bettered sin ce playin g D ensures th at the defector can not be sucker ed. Th is is th e so - called

"Nash " equilibrium for the sin gle roun d game. It is also an evolution arystab le strategyfor a population of randomlypaired individuals playin g the game wh ere reproduction fitn ess is based on payoff. So th e dilemma is th at if both in dividuals selected a cooperative move th eywould both be better off but both evolution ary pressure an d game theoretical ^ration ality~ selected defection .

5.2 The TagWorld model

Th e TagWorld model presented h ere is similar to Hales (2000). What is n ew is th at we explicitlyvary th e mutation rate applied to the tag while keepin g the rate constant for the strategy.

Agen ts are represen ted bya sin gle bin arydigit (th e strategybit) an d a sin gle real n umber in th e range [0..1] (the tag). The strategybit represen ts a pure strategy:

eith er un con dition al cooperation or uncon dition al defection . In itiallythe population h ave their strategyan d tag values set to ran domlywith un iform probabilityover th e spaceof all possible values. Th e following evolution aryalgorithm is then applied.

I n each gen eration each agen t (a) is selected from the population in turn. A game partn er is th en selected. Partn er selection en tails the ran dom selection of an oth er agent (b) from the population such that (a) ¹ (b) but th e tags of (a) an d (b) ar e iden tical . If n oagen t exists with iden tical tags to (a) th en (b) is selected at ran dom from the en tire population regardless of tag value. Con sequen tly(a) will always fin d a partn er even if its tag does not match an yother agen t in the population. Durin g game in t eraction (a) an d (b) in voke th eir strategies an d r eceive the appropriate PD payoff (T, R, P or S)). After all agents h ave been selected in turn and played a game a n ew population is asexuallyreproduced. Reproductive success (fitn ess) is proportional to av erage payoff (i.e. the total score divided bythe n umber of games

8 played). The entire population of agen ts is replaced using a ^roulette wh eel~ selection method (Davis 1991) 5

5.2.1 Parameters used in the model

For our in itial experiments (presen ted below) we used the followin g parameter value:

th e population size was N = 100 an d th e n umber of gen eration s for each run of th e model was 1000. Th e PD payoffs were T = 1.1, R = 1, P = S = 0.0001. Th ese values were selected to give a veryh igh incen tive to cheat ( T is h igh and P an d S are low).

P and S were selected as a small value but greater th an zero (in dicatin g a verysmall ch an ce for agents, with Sucker or Pun ish ment payoffs, of reproduction ). If a small value is added to P (en forcin g T > R > P > S) r esults a re n ot significantlych anged.

For the strategybit the mutation rate was fixed con stant at m = 0. 001 (a low value). But for th e tag a mutation factor f was applied to m ch angin g th e mutation rate. We varied f from [0. .10] in in crements of 2. Mutation of th e str ategyinvolved flipping th e bit value. Mutation of th e tag involved replacing th e tag value with an other un iformlyrandomlyselected tag from the r an ge [0.. 1]. Tosummarize, wh en an agen t is selected for reproduction in to th e n ext generation, mutation is applied to th e strategybit (resulting in the bit bein g flipped with probability m ) an d to th e tag

(resulting in it being replaced with a n ew randomlyselected tag with pr obability mf ).

5.2.2 Results

Figure 1 . Results from simulations plotting muta tion factor ( f ) against

cooperation.

5 Usin g th is method th e probabilityth at an agent will be reproduced intoth e n ext

generation is probabilisticallypro portion al to average payoff.

Th e results are given in figure 1. Cooperation in creases as the mutation factor is

in creased. For each value of th e mutation factor ( f ) given on th e x - axis are plotted 20

poin ts from 20 in dividual run s (to 1000 gen er a tion s). Cooperation given on the y -

axis represents th e pr oportion of all game in teractions in a r un th at wer emutually

cooperative. Sin cewe h ave100 agents, with on e game each per gen eration an d 1000

generations per run , each poin t represen ts a proportion of mutual cooper ation over

10 5 games. Each run had th e same parameters but was in itialized with differen t

pseudo - ran dom n umber seeds. The (smooth ed) line joins th e plotted average of th e

20 poin ts. The aver age is th erefore over 2 x 10 6 in dividual games. To improve

readabilitynoise has been added to th e x - coordinate of each point (+/ - 0.5).

Th ere are a n umber of in teresting ch aracteristics presen ted in figure 1. Firstly, we

do in deed see an in crease (on average) of cooperation wh en we in crease th e relative

mutation rate of th e tag with respect to the strategy. Given this we h ave a littlemore

confidence th at our h ypothesis maybe cor rect sin ce it allowed us to predict this

property. Th e incr ease is n on - linear, the average curve approximatin g a sigmoid

sh ape with a th resh old th at would appear to be aroun d f = 5. Notice th at above f = 6

we see no results below 0.8 cooperation an d below f = 4 we see n oresults above 0.2

cooperation 6 . Aroun d th e th resh old we get h igh varian ceof results ˘ indicating both

h igh a n d low cooperation outcomes. So it would appear th at at th e th reshold things

become un predictable an d chaotic (i.e. th e in itial ran dom variation s of the run s sen d

th e model in to differen t cooperation regimes) but th at eith er side of th e th resh old th e

outco me is predictable.

5.2.3 Further Results

Our initial results are encouraging and appear to indicate that applying a high

mutation rate to the tag relative to the strategy produces high levels of cooperation

(at least in the PD game). However, does this exp lain the cooperation demonstrated

in those other models described previously? Also, we have only tested our

hypothesis with one kind of tag (a real number) and one kind of task (playing the

PD). In order to begin to address these issues we re - implemented t he Hales (2000)

model 7 . In order to do this we extended the TagWorld model to incorporate tags

represented as strings of binary digits with mutation being applied to each bit in the

string with the same probability (m = 0.001) as the strategy bit.

Firstly we docked the model with the results previouslyreported. Figure 2 shows

th e origin al results fr om Hales (2000) an d figure 3 sh ows th e n ew results. Dueto

computation an d timelimitation s we on lyexecuted each run to 10, 000 generations.

In th e origin al r e sults run s were to 100, 000. Sin ce varian ce can be quite high in the

mid ran ge of L (as shown in figur e2) we did n ot expect exact m atching ˘ wh at we

did expect was th e same overall pattern (h igh cooperation wh ere L >= 32 bits over

6 Poin ts that appear toviolate this are a r esult of the added n oise.

7 The code for th e origin al m odel has long since gon e to the big hard disk in th e sky.

all of th e T payoffs exam in ed). Each bar in th e ch art is an aver age of 5 in depen den t

run s with the same parameters but differ en t ran dom number seeds. Figure 3 sh ows

th e absolute difference between figure 2 an d 3 for comparison purposes.

Next we chan ged th e model such that mutatio n was applied toth etag as a whole

with th e same probabilityas th e strategy(m = 0.001). This was ach ieved by

replacin g th e entire bin arytag str in g with a n ew binarytag strin g ran domlyselected

from the set of possible tag strings (i.e. replacing each bit with a ran domlyselected

one). Th ose results are sh own in Figure 5. As can be seen , cooper ation completely

disappears over all of th eparameter ran ge tested ˘ th is indicates that th eprevious

results in Hales (2000) were related on th e specific kind of mutation used r ather th an

simplyth estructure of th etag (a bin arystrin g).

Next we in creased th e mutation factor (f) applied to the tag bypowers of 2 (f = 1,

2, 4, 8. .64) wh ile keepin g the strategymutation rate at m = 0.001. This means that

we applyt h e same mutation rate to the tag as wh en each bit in the strin g was been

mutated with probabilitym but we simplyreplace th e tag completelywith a new

bin arystrin g rather than mutatin g each bit separately. Th e results can be seen in

figure 6 - cooper atio n reappears. Th is result indicate th at it is not th e specific kind of

mutation (in depen dentlyapplied toeach bit of the tag with pr obabilitym) applied

th at is necessaryfor high cooperation but rather the probabilityof mutation applied

to the tag.

Fin al lywekept the last sch eme but replaced the binarystrin g with a sin gle real

value. Figure 7 shows th e results from th is. From our fin dings we would expect that

replacin g th e bin arystring with a real valuesh ould make n o difference toth e level of

coopera tion solon g as the same mutation values are used an d indeed this is

evidenced. We also got th e same results when we used an in teger for th e tag (with

values between 0.. 30,000).

11

1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.0

2 4 8 16 32 64

0.0

0.2

0.4

0.6

0.8

1.0

Cooperation

T

L

Figure 2. Results given in Hales (2000). T = PD temptation payoff an d L is

th e tag length in bits . Run s were to 100, 000 gen eration s.

1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.0

1 2 4 8 16 32 64

0.0

0.2

0.4

0.6

0.8

1.0

T

L

Figure 3. Reproduction of results usin g same parameters as in figure 2

(except th at h ere r un s were to on ly10,000 gen eration s).. Th e main

differen ces are where L = 8 an d 16.

12

1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.0

2 4 8 16 32 64

0.0

0.2

0.4

0.6

0.8

1.0

Difference in Coop

T

L

Figure 4 . Sh ows the absolute differen ces between figure 2 an d figure 3 (i.e.

th e docking err ors). As stated previously, we con sider th is to be dueto the

differen ce in gen eration s ˘ but we n eed to test th is.

1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.0

1 2 4 8 16 32 64

0.0

0.2

0.4

0.6

0.8

1.0

Cooperation

T

L

Figure 5. Results wh en th e same mutation rate is a pplied equallyto the tag

an d strategy. T is th e PD temptation payoff and L is th e tag len gth in bits.

13

1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.0

1 2 4 8 16 32 64

0.0

0.2

0.4

0.6

0.8

1.0

Cooperation

TL

Figure 6. Results wh en mutation is in creased byth e tag len gth L such th at

th e mutation factor f = L in all cases. Cooper ation is r estored.

1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.0

1 2 4 8 16 32 64

0.0

0.2

0.4

0.6

0.8

1.0

Cooperation

T

f

Figure 7. The tag is r eplaced with a single real n um ber but th e mutation

factor applied to tags (f) is in creased bythe same values as previouslyth e

bin arytag len gth was in cr eased. Th e tag mutation factor (f) appears to be th e

n ecessarycon dition to pr oduce cooperation in these scen arios.

6. Conclusions

From a detailed an alysis of existin g tag models we iden tified an implicit assumption

˘ th e mutation rate of th e tags was higher th an th at applied tothe strategies. We

tested th is h ypothesis in a new t ag model byvaryin g the mutation rate of th e tag

wh ilekeepin g th e rate applied to strategies con stan t. We foun d th at there was a n on -

linear relationsh ip between amoun t of cooperation an d the ratio of tag to strategy

mutation rate. High cooper ation was on l yproduced when tag mutation was much

h igher than th e strategymutation r ate. However, more work needs to be don e in

order to predict, for given scenarios, wh at th e tag / strategymutation r atio th resh old

value would be 8 .

We then took th is result and teste d it over a larger parameter space byre -

implemen tin g a previous model, dockin g with th at model and th en obtain in g th e

same results with chan ged tag structures byin creasin g mutation rates. I would

appear th at th e h ypothesis h olds allowing for a degree of prediction an d con trol.

Although our in itial motivation for explorin g tags was toun der stand aspects of

h uman social ph en omen a our cur rent motivation for this work is to understan d h ow

to program artificial systems such as trulydecen tralized (i.e. severle ss, wh ere th ere is

n ocen tral server but r ather a collection of cooperatin g peer nodes) P2P self -

organizing n etworks (Jelasityet al in press). In these systems each n ode or ^peer~

n eeds tooffer ban dwidth an d processin g capacityto other nodes without n ec essary

getting a payback from th ose n odes. Addition allyeach n ode has partial an d often

ch an gin g views of n ode mem bers mean in g that storage of reputation in formation

becomes un wieldyan d non - scalable. In on - goin g wor k we are attempting to import

ideas such as tags developed in th e complex system and social simulation

communities intoth e en gineerin g realm.

We believe th at the sin gle - round PD captures one kind of P2P en gineering

problem. If we can get n odes to cooperate in th e PD then webelieve we can en gin eer

th em to share bandwidth an d processin g time, altruistically, in real systems. We

h ave alreadydemon strated th at th e lessons learn ed here can be used in P2P file

sh arin g scenarios (usin g sim ulation) Hales (2004a, 2004b). We h ave th erefore

practicallysh own h ow results from PD type simulations can be applied to

en gineering problems. However we still h ave many issues to addr ess such as how

systems can be en gin eer ed in wh ich agents (nodes) can not ^whitewash ~ a system

(th at is, simplydefect all th e time n e ver adaptin g ˘ i.e. not acting in a boun dly

ration al way) or h ow to stop agen ts from presentin g differen t tags to differ en t agen ts.

Our n ext step is toapplyth ese tech niques tomore realistic P2P simulation s.

8 This will depen d on a number of factors an d a discussion is beyon d t h e scope of,

an d space allowed for, th is paper. See Hales (2000, 2001) for a little more on this.

References

Davis, L.(1991) Han dbook of Gen etic Algorith ms. Van Nostran d Rein hold, NY,

USA.

Edmonds, B. and Hales, D. (2003) Replication, Replication and Replication - Some Hard

Lessons from Model Alignment. Journal of Artificial Societies and Social Simulation 6(4).

Hales, D. (2000), Cooperation witho ut Space or Memory: Tags, Groups and the Prisoner’s

Dilemma. In Moss, S., Davidsson, P. (Eds.) Multi - Agent - Based Simulation. Lecture Notes

in Artificial Intelligence, 1979:157 - 166. Berlin:Springer - Verlag.

Hales, D. (2001) Tag Based Cooperation in Artifici al Societies. PhD Thesis (Dept. Of

Computer Science, Universityof Essex, U.K. 2001).

Hales, D. (2002) Evolving Specialisation, Altruism and Group - Level Optimisation Using

Tags. In Sichman, J. S., Bousquet, F. Davidsson, P. (Eds.) Multi - Agent - Based Simulat ion

II. Lecture Notes in Artificial Intelligence 2581:26 - 35 Berlin: Springer Verlag.

Hales, D. and Edmonds, B. (2003) Evolving Social Rationalityfor MAS using "Tags", In

Rosenschein, J. S., et al. (eds.) Proc of the 2nd International Conference on Autonom ous

Agents and Multiagent Systems, Melbourne, July2003 (AAMAS03), ACM Press, 497 - 503

Hales, D. and Edmonds, B. (2004) Can Tags Build Working Systems? - From MABS to

ESOA. Presented at the ESOAworkshop at the AAMAS 2003 Conference (15th July

2003). Publis hed as Lecture Notes in Artificial Intelligence 2977, Springer.

Hales, D. (2004a) Self - Organising, Open and Cooperative P2P Societies - From Tags to

Networks. Presented at the 2 nd Workshop on Engineering Self - Organsing Applications

(ESOA2004) located with the AAMAS 2004 conference, NY, July2004. To be published

bySpringer.

Hales, D. (2004b) From Selfish Nodes to Cooperative Networks - Emergent Link - based

Incentives in Peer - to - Peer Networks. To be presented at The Fourth IEEE International

Conference on P eer - to - Peer Computing (P2P2004), 25 - 27 August 2004, Zurich,

Switzerland. Tobe published byIEEE press.

Hamilton, W. D. (1964) The genetical evolution of social behaviours, J. Theor.Biol. 7, 1 - 52.

Holland, J. (1993) The Effect of Lables (Tags) on Social In teractions. Santa Fe Institute

Working Paper 93 - 10 - 064. Santa Fe, NM.

Jelasity, M., Montresor,A., and Babaoglu, O. (2004) Amodular paradigm for buildingself -

organizing peer - to - peer applications. Proceedings of the 1 st International Workshop on

Engineerin g Self - Organising Applications (ESOA 2003), Springer.

Kalenka, S., and Jennings, N.R. (1999) SociallyResponsible Decision Making by

Autonomous Agents. Cognition, Agencyand Rationality(eds. Korta, K. et al) Kluwer 135 -

149.

Nowak, M. & May, R. (1992) Evo lutionaryGames and Spatial Chaos. Nature, 359, 532 - 554.

Nowak, M. & Sigmund, K..(1998) Evolution of indirect reciprocitybyimage scoring. Nature,

393, 573 - 557.

Riolo, R. (1997) The Effects of Tag - Mediated Selection of Partners in Evolving Populations

Pla ying the Iterated Prisoner’s Dilemma. SFIWorking Paper 97 - 02 - 016. Santa Fe, NM.

Riolo, R. L., Cohen, M. D. & Axelrod, R. (2001) Evolution of cooperation without

reciprocity. Nature 414, 441 - 443

Roberts, G. & Sherratt, T. N. (2002) Nature 418, 449 - 500

Sigm und, K. and Nowak, A, M. (2001) Tides of Tolerance. Nature 414, 403 - 405.

Trivers, R. (1971) The evolution of reciprocal altruism. Q. Rev. Biol. 46, 35 - 57.