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Abstract— Coordination of multiagent systems is recently with the goal of moving tuples from one space to the other
moving towards the application of techniques coming from until completely “sorting” them, that is, tuples of different
the research context of complex systems: adaptivity and self- types reside in different tuple spaces. We show a solution

organisation are exploited in order to tackle openness, dynamism . o .
and unpredictability of typical multiagent systems applications. to this problem based on a fully-distributed algorithm, where

In this paper we focus on a coordination problem calleccollective €ach agent moves tl..JpIeS according to fuIIy-Ioca[ Cff.iteria, an.d
sorting, where autonomous agents are assigned the task of movingwhere complete sorting appear to emerge from initial chaotic

tuples across different tuple spaces according to local criteria, tuple configurations. To provide evidence of correctness and

resulting in the emergence of the complete clustering property. appropriateness we rely on simulations
Using a library we developed for the MAUDE term rewriting . . o .
system, we simulate the behaviour of this system and evaluate Many simulation tools can be exploited to this end, though

some solutions to this problem. they all necessarily force the designer to exploit a given
specification language, and therefore better apply to certain
l. INTRODUCTION scenarios and not to others—examples are SPIM [6], SWARM

Systems that should self-organise to unpredictable changglsand REPAST [8]. Instead of relying on one of them,
in their environment very often need to feature adaptivityn this paper we seek for a general-purpose approach. We
as an emergent property. As this observation was first magleluate the applicability of the MUDE specification tool as a
in the context of natural systems, it was shortly recognisegneral-purpose engine for running simulations [9]. It is very
as an inspiring metaphor for artificial systems as well [1}vell known that MAUDE allows for modelling syntactic and
However, a main problem with emergent properties is thatynamic aspects of a system in a quite flexible way, supporting
by their very definition, they cannot be achieved through eg. process algebraic, automata, and net-like specifications—
systematic design: their dynamics and outcomes cannot deof which can be seen as instantiations oAWDE's term
fully predicted. Nonetheless, providing some design supportiiewriting framework. We developed a library for allowing a
this context is still possible. The whole system of interest, thaystem designer to specify in a custom way a system model in
is the application to design and the environment it is immerséetms of a stochastic transition system—a labelled transition
in, can be modelled as a stochastic system, namely, a sys®stem where actions are associated withte (of occurrence)
whose dynamics and duration aspects are probabilistic. In tfi®]. One such specification is then exploited by the tool to
scenario, simulations can be run and used as a fruitful toolgerform simulations of the system behaviour, thus making
predict certain aspects of the system behaviour, and to supgbrpossible to observe the emergence of certain (possibly
a correct design before actually implementing the applicatiemexpected) properties.
at hand [2]. The remainder of this paper is as follows: Section 2 provides

This scenario is particularly interesting for agent coordinaome background on coordination techniques featuring adap-
tion. Some works like the TOTA middleware [3], SwarmLindaivity, Section 3 describes the collective sorting problem, while
[4], and stochastic KLAIM [5], though starting from differentSection 4 presents the MVDE model of the Collective Sorting
perspectives, all develop on the idea of extending standandd its simulation results, and finally Section 5 concludes
coordination models with features related to adaptivity amgtoviding perspectives on future works.
self-organization. They share the idea that tuples in a tuple
space eventually spread to other tuple spaces in a non- Il. BACKGROUND
deterministic way, depending on certain timing and probability In the effort to improve the design process of software
issues. Accordingly, in this paper we start analysing theystems—i.e. to bridge the gap between the design and the
potential role that simulation tools can have in this contexdctual implementation—it has become very common practice
towards the identification of some methodological approath take into account not only functional and architectural
to system design. requirements, but also quantitative aspects like temporal and

As a reference example, we consider an application poobabilistic ones. When dealing with complex systems, it is
a tuple space scenario of the so-calledllective sorting often the case that aleatory in system dynamics may cause
problem for swarm intelligence [1]. This application featurethe emergence of interesting properties, that cannot therefore
autonomous agents managing a set of distributed tuple spatesabstracted away when designing the system. Coordination
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models and technologies for multiagent systems are witnessin several scenarios, sorting tuples may increase the overall
ing the development of a number of works moving to thisystem efficiency. For instance, it can make it easier for an
direction, most of which are inspired by natural phenomenagent to find an information of interest based on its previous
A first example is the TOTA (Tuples On The Air) mid-experience: the probability of finding an information where
dleware [3] for pervasive computing applications, inspired by previous and related one was found is high. Moreover,
the concept of field in physics—like e.g. the gravitationavhen tuple spaces contain tuples of one kind only, it is
or magnetic fields. This middleware supports the concept jpdssible to apply aggregation techniques to improve their
“spatially distributed tuple™: that is, a tuple can be cloned arpkrformance, and it is generally easier to manage and achieve
spread to the tuple spaces in the neighborhood, creating a $oat-balancing.
of computational field, which grows when initially pumped Increasing system order however comes at a computational
and then eventually fades. To this end, when injected inpaice. Achieving ordering is a task that should be generally
tuple space, each tuple can be equipped by some applicatipaerformed online and in background, i.e. while the system
dependent rules, defining how a tuple should spread acrossitheunning and without adding a significant overhead to the
network, how the content of the tuple should be accordingigain system functionalities. Indeed, it might be interesting to
affected, and so on. TOTA is mainly targeted to suppoleok for suboptimum algorithms, which are able to guarantee
multiagent systems whose environment is open, dynamic amdertain degree of ordering in time.
unpredictable, like e.g. to let mobile agents meet each otheMNature is a rich source of simple but robust strategies:
in a dynamic network. the behaviour we are looking for has already been explored
Another example is the SwarmLinda coordination modé the domain of social insects. Ants perform similar tasks
[4], which though similar to TOTA is more inspired by swarnmwhen organizing broods and larvae: this class of coordination
intelligence and stigmergy [1], [11], [12]. In SwarmLindastrategies are generally referred to edllective sortingor
tuples are moved from one tuple space to the other, and agllective clustering[1]. Although the actual behaviour of
like algorithms are used to retrieve them. The use of seHnts is still not fully understood, there are several models that
techniques in SwarmLinda derives from necessity of deali@ge able to mimic the dynamics of the system. Ants wander
with openness and with the unpredictability of a tuple space'gndomly and their behaviour is modelled by two probabilities,

users, against the need of achieving adaptivity. respectively, the probability to pick up, and dropP; an item
Finally, the “swarm robotics” field applies strategies in- 9 9

spired by social insects in order to coordinate the activities P, = < k1 ) , Py = ( f ) 7 1)

of a multiplicity of robots systems. Typically, these systems ki+ f ko + f

are built on top of ad-hoc software middlewares [1], and solve where k; and k, are constant parameters arfdis the
problems with distributed-algorithms where, though each robetimber of items perceived by an ant in its neighborhood:
brings about very simple goals, the whole system can Bemay be evaluated with respect to the recently encountered
used to solve quite complex problems—see e.g. the collectigms. To evaluate the system dynamics, apart from visualising
sorting problem in Section llI-A. it, it can be useful to provide a measure of the system order.
These are all examples witnessing the fact that coordinatiSach an estimation can be obtained by measuring the spatial
in open, dynamic, and unpredictable systems have quantitaiérgropy, as done e.g. in [11]. Basically, the environment is
aspects playing a very important role. This calls for analysétibdivided into nodes ang; is the fraction of items within
and design tools that can support system developmentaatode, hence the local entropyfi§ = —P; log P;. The sum
various levels, from formal specification up to simulations. of H; having P, > 0 gives an estimation of the order of the
entire system, which is supposed to decrease in time, hopefully
[11. COLLECTIVE SORTING reaching zero (complete clustering).

A. General Scenario B. An Architecture for Implementing Collective Sorting

We consider a case of Swarm-like intelligence known asWe conceive a multiagent system as a collection of agents
collective sorting[1]. It features a multiagent system wherenteracting with/via tuple spaces: agents are allowed to read,
the environment is structured and populated with items ofsert and remove tuples in the tuple spaces. Additionally, and
different kinds: the goal of agents is to collect and move itentiansparently to the agents, an infrastructure provides a sorting
across the environment so as to order them according to setvice in order to maintain a certain degree of order of tuples
arbitrary shared criterion. This problem basically amounts io tuple spaces. This service is realised by a class of agents
clustering: homogeneous items should be grouped together #mat will be responsible for the sorting task. Hence, each tuple
should be separated from others. Moving to a typical contestpace is associated with a pool of agents, as shown in Figure
of coordination models and languages, we consider the cdsevhose task is to compare the content of the local tuple space
of a fixed number of tuple spaces hosting tuples of a knovagainst the content of another tuple space in the environment,
set of tuple types. The goal of agents is to move tuples froamd possibly move some tuple. Since we want to perform this
one tuple space to the other until the tuples are clusteredtéisk online and in background, and with a fully-distributed,
different tuple spaces according to their tuple type. swarm-like algorithm, we cannot compute the probabilities in
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Agent spaces exist (labelled with identifieds 1, 2 and 3), and four

O O O O tuple kinds are subject to orderin@a(, 'b , 'c , and’d ).
ot O Bt O Bt Q Bt O = A. AMAUDE library for simulation
O O O O MAUDE is a high-performance reflective language support-
ing both equational and rewriting logic specifications, for

specifying a wide range of applications [9]. The basic brick of
Fig. 1. The basic architecture consists in a set of sorter agents dedicate@ y!AUDE program is themodule which is essentially a set of
a single tuple space. definitions determining an algebra: the modules can be either
of the functional or systemkind. Functional modules contain
both (syntax-customed) type and operation declarations, along
Equation 1 to decide whether to move or not a tuple: thgith equationswhich are actuallyequational rewritingrules
approach would not be scalable since it requires to count glfining abstract data types—this is hence useful to declare
the tuples for each tuple space, which might not be practicalgorithmic aspects of computing systems. System modules
Hence, we devise a strategy based on tuple sampling, asagh instead havewriting lawsas well—i.e. transition rules—
suppose that tuple spaces provide for a reading primitive \Wgat are typically used to implement a concurresriting
call urd , uniform read This is a variant of the standard  semanticsand are then able to deal with aspects related to
primitive that takes a tuple template and yields any tuplfteraction and system evolution. In the course of finding a
matching the template: primitiveird instead chooses thegeneral simulation tool for stochastic systems, we fineUME
tuple in a probabilistic way among all the tuples that coulds a particularly appealing framework, for it allows to directly
be returned. For instance, if a tuple space hascopies of model a system in terms of transition rules, or to prototype a
tuple (1) and20 copies of tupléet(2) then the probability that new domain-dependent language to have more expressiveness
operationurd(t(X)) returnst(2) is twice as much as(1)'s. and compact specifications.
As standard Linda-like tuple spaces typically do not implement ysing MaubE, we realized a general simulation framework
this variant, it can e.g. be supported by some more expressige stochastic systems: the idea of this tool is to model
model like ReSpecT tuple centres [13]. When deciding tog stochastic system by a labelled transition system where
move a tuple, an agent working on the tuple sgfsg follows  transitions are of the kind =% S, meaning that the system

this agenda: in state S can move to stat&’ by actiona, wherer is the
1) it draws a destination tuple spa@& different from (global) rateof actiona in stateS. The rate of an action in a
the source on&'Sg; given state can be understood as the number of times action
2) it draws a kindk of tuple; a could occur in a time-unit (if the system would rest in state
3) it (uniformly) reads a tuplgdy from T'Sg; S), namely, its occurrence frequency. This idea is inspired by
4) it (uniformly) reads a tupld; from T'Sp; the activity mechanism of stochasticCalculus [10], where

5) if the kind of T; is k£ and it differs from the kind off;, each channel is given a fixed local rate, and the global rate of
then it moves a tuple of the kink from T'Ss to T'Sp.  an interaction is computed as the channel rate multiplied by

The point of last task is that if those conditions hold, then tH&e number of processes willing to send a message and the
number of tuples: in T'Sp is more likely higher than if'Sg, nhumber of processes willing to receive a message. Our model
therefore a tuple could/should be moved. It is important thi& hence a generalisation of this approach, for the way the
all choices are performed according to a uniform probabili§tobal rate is computed is custom, and ultimately depends on
distribution: while in the steps 1 and 2 it guarantees fairnedg€ application at hand—e.g. the global rate can be fixed, or
in steps 3 and 4 it guarantees that the obtained orderingc&n depend on the number of system sub-processes willing to
appropriate. execute an action. Given a transition system of this kind and an
It is worth noting that the success of this distributed ainitial state, a simulation is simply executed k) checking
gorithm is an emergent property, affected by both probabili§ach time the available actions and their r&{@; picking
and timing aspects. Will complete ordering be reached startifge of them probabilistically (the higher the rate, the more
from a completely chaotic situation? Will complete orderingkely the action should occur)(ii) accordingly changing
be reached starting from the case where all tuples occurtfi¢ system state; and final(v) advancing the time counter
just one tuple space? And if ordering is reached, how maggcording to an exponential distribution, so that the average
moving attempts are globally necessary? These are the sorfregluency is the sum of the action rates. This technique is again

questions that could be addressed at the early stages of desigéieneralisation of the one adopted in the SPIM simulation
thanks to a simulation tool. engine for stochastig-Calculus [6]. For a detailed description

of the simulation framework, refer to [14].
IV. THE COLLECTIVE SORTING IN MAUDE

In this section we briefly describe a AMdDE specification B The Collective Sorting model
of our solution to the collective sorting problem, and show The MAUDE specification of the Collective Sorting
simulation results. Our model sticks to the case where 4 tuglgstem is divided in three modules, respectively defining
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mod CS is
pr CS . pr STANDARD-CARRIER .

op source : Nat -> Action . *** SYNTAX OF ACTIONS AND STATES
op chooseTarget : -> Action .

op chooseTupleType : -> Action .

op readSource : -> Action .

op readTarget : -> Action .

op move : -> Action .

subsort DataSpace < State .
*** A REFERNCE INITIAL STATE
op SS : -> State .

eq SS = (init | < 0 @ (a[100])|('b[100])|('c[10])|(d[10]) > |
<1 @ (a[ ODI(b[100]|(c[10]|(d[10]) > |
<2 @ (a[ 10DICb[ 50DI(c[50DI(d[10]) > |
< 3 @ ([ 50]D|(b[ 10]|(c[10DI(d[50]) > |
(a,’b,’c,’
** |DENTIFYING SOURCE ***  TRANSITION SYSTEM SEMANTICS

eq (init | DS)==> =
( source(0) # 0.25 -
( source(l) # 0.25 -
( source(2) # 0.25 -
( source(3) # 0.25 -

VAR
RPN )
OO0O00
nonnnm

[
[
[
[

—

*** CHOOSING TARGET
eq ([Ns] | DS) ==> = (chooseTarget # now -> [ [Ns];[range(3)]] DS ]) .
eq ([Ns];[Ns] | DS) ==> = (chooseTarget # now -> [ [Ns];[3] | DS )

*** CHOOSING TUPLE TYPE QQ
ceq ([Ns];[Nt] | < Ns @ MT > | DS ) ==> = ( chooseTupleType # now -> [
([NS] INIIQQ] | < Ns @ MT > | DS ) ])
if QQ := choose(occurringTuples(MT)) .

*** READING FROM SOURCE
ceq ([Ns];[Nt};[Q] | < Ns @ MT > | QL | DS ) ==> = ( readSource # now -> [
(INSL;INt;[QLIQQ] | < Ns @ MT > | QL [ DS ) ])
if QQ := get( QL , sample(quantities(QL, MT))) .

** READING FROM TARGET
ceq ([Ns];[Nt};[QL;[Q1] | < Nt @ MT > | QL | DS ) ==> = ( readTarget # now -> [
(INSL;INtLIQLIQLLIQQ] | < Nt @ MT > | QL [ DS ) 1)
if QQ := get( QL , sample (quantities(QL, MT))) .

*** MOVING OR DISCARDING
ceq ( [Ns][NtE[QLIQLLIQ] |
<Ns @ (Q[s NJ) | MT > |
<Nt @ (Q N ]| MTL>|DS) ==>=( move # now -> [
( init |
<Ns@ (Q NI | MT>
<Nt @ (Q[s N)) | MT1 > | DS) ] )

if Q1L =/= Q .
eq ( [Ns[INtE[Q[Q1)[Q2] | DS ) ==> = ( move # now -> [
( init | DS ) 1) [owise] .
eq temp( init | DS ) = false . *+ TEMPORANEOUS STATES
eq temp( DS ) = true [owise] .

endm

Fig. 2. The transition system semantics in modae

the structure of a system stat€J-TYPES), some utility choose takes a list of tuple type identifiers and returns one
functions CS-FUNCTIONS, and finally the stochastic non-deterministically chosemccurringTuples takes the
transition system operator=> (CS. Module CS-TYPES content of a tuple space and returns the list of tuple types
and moduleCS-FUNCTIONS are not reported for brevity. occurring in it; quantities takes the content of a tuple
Module CS-TYPES specifies the necessary types to defingpace and a list of tuple types and returns the cardinality of
the structure of a system state. In particular, Sarple is each of them.
used to model the occurrence of a tuple in a tuple space:
for instance,’a[10] means10 tuples of tuple type’a The CS module, as depicted in Figure 2, can be viewed
occur. Sort Space is used to represent a tuple spaceds the core of the Collective Sorting model. First of all,
<0 @ ('a[10])|(’b[10])|('c[210])|(’d[10])> six kinds of action are defined: the former is of the kind
means the tuple space with identifiehas10 copies of each source(0) ,...source(3) and is used to start an agent
tuple type. ModuleCS-FUNCTIONSdefines three functions: working on a certain tuple space; the others are constants
corresponding to the five steps of the agent agenda. The
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constantSS is assigned to the initial state of the system we

want to simulate, where tuples are spread in different quantities e —

in the various tuple spaces. TS2-TT2

The stochastic transition system semantics is divided in six 250 | To41T4

groups according to the actions to be executed. Initially, four

actions of the first kind are allowed, each with ratg5 . The

rate of other actions is the constamdw, which is assigned

to a large float, meaning that these actions should happen

immediately. By this modelling choice, we will simulate a

system where one agent evaluates for moving a tuple at each 100

time unit, and such an evalution is immediate. The behaviour ot

of transitions is briefly described as follows. 50 ks ‘ ‘ ‘ ‘
a) source(i) : When taskinit occurs in the space 0 1000 2000 3000 4000 5000

it is time to spawn a new agent task: any of the tuple spaces Time

can be chosen as source, with same probability. Tgsk

correspondingly replacesit , wherei is the source chosen.Fig. 4. Dynamics of the winning tuple in each tuple space: notice that each

Note thatDS is a variable overDataSpace , which here tuple aggregates in a different tuples space.

matches with the rest of the system.

b) chooseTarget : To choose a target, any tuple space ) o )
in 0,1,2 s tried. If the result is equal to the current sourc&f Figure 2, and represents a possible initial (disordered)
tuple space3 is actually taken as target. This guaranteg®nfiguration of tuples. Figure 3 shows a piece of the output
the source and target tuple spaces to be distinct. The t&@dRduced by the execution of the simulation—where each

moves then to stafdls];[Nf] ~ —source and target identifier, Step includes simulation countdown counter, system state, and
respectively. elapsed time. After some steps, some tuple starts moving from

c) chooseTupleType : A tuple type is chosen ran- ON€ space to the others. Aft@624 time units, for instance,
domly out of those currently occurring Ms. This is computed tuPle kind'c is already completely collected in tuple space
with functionschoose andoccurringTuple , and is used 2. After 4600 time units, the system converged to complete
to avoid picking a tuple which is currently absent in the Sour(%)rting, as we expected from our distributed algorithm. Chart

tuple space. The task moves then[Ms];[Nt]:[QQ] __ in Figure 4 reports the dynamics of the winning tuple in each
whereQQis the tuple type chosen. tuple space, showing e.g. that complete sorting is reached at

d) readSource : In this step a tuple type is drawndifferent times in each case. The chart in Figure 5 displays
from the source tuple space using uniform read. Expressiti§téad the evolution of the tuple spaenotice that only the

200

150

Number of Tuples

get(QL,sample(quantities(QL, MT))) is used to tuple kind’a aggregates here despite its initial concentration

sample a tuple giving higher probability to those that occi¥as the same of tuple kinith .

more. Although it would be possible to make some prediction, we
e) readTarget :  Similar sampling is done do not _know in general WhiCh tuple space will host a specific

on the target tuple space. The task moves now tdple kind at the en_d of sorting: this is an emergent property

[NS];[Nt];[QL[Q1L[Q2] , where Q1 and Q2 are of the system and is the very result of thm;eraenon of the_

the tuple types read. tuple spaces through the agents! Indeed, the final result is not
f) move: If the task matches completely random and the concentration of tuples will evolve

[NSLINT:[QL[Q1LIQ] and Q1 is different fromQ, in the same directiomost of the times. It is interesting to

then a tuple of kindQ is to be moved fronNs to Nt, which analyee the trend of the entropy_ of each tuple space as a way
is realised by properly updating the tuple counters. Otherwit stimate the degree of order in the system through a single
(lowise] ), the tuple spaces state is left unchanged. In boYilue: since the strategy we simulate is trying to increase the
cases, the task gets backitit . inner order of the system we expect the entropy to decrease,
Finally, thetemp function defines as temporary states thos@ actually shown in Figure 6.

that do not have tasknit , which will then cause the

simulation counter not to update. D. Adding a Load-Balancing Case

The basic strategy based on constant rates (see Section IV-

C. Simulating the Collective Sorting B) is not very efficient, since agents are assigned to a certain
The simulation can be run by giving theAUDE interpreter tuple space also if the tuple space is already ordered! We
a command like may exploit this otherwise wasted computation by assigning

: idle agents to disordered tuple spaces, or rather to change the
< : ) > . . . ;

rewrite [ 5000 - (1SS) @ 0.0 ] working rates of agents. This alternative therefore looks suited
which executes precise000 agent executions starting fromto realize a strategy to quicker reach the complete order of
stateSS. Such a state is defined as a constant in the cotlgple spaces.
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[5000 : init | < 0 @ (a[100])

| |
<1 @ (a0 | (0[10]) | (d[1o) > |
<2 @ (a[10] | (b[50]) | (c[50]) | (d[r0]) > |
< 3 @ (a[30]) | (b10]) | (c[10]) | (d[S0]) > | 'a’b/’c'd

@ 0.0],

[4000 : init | < 0 @ (a[107]) | (b[89]) | (c[0]) | (d[O]) > |
<1 @ (a[0]) | (b[L36]) | (c[O]) | (dO]) > |
<2 @ (a[0]) | (b[35]) | (c[80]) | (d[O]) > |
< 3 @ (a[53]) | (b[o]) | (clo]) | (d[8O]) > | 'a’b,c’d
@ 9.7664497212663287e+2],

[2000 : init | < 0 @ (a[127]) | (b[50]) | (c[0]) | (d[O]) > |
<1 @ (a[0]) | (bf210]) | (c[0]) | (d[O]) > |
<2 @ (a[0]) | (bo]) | (c[80]) | (do) > |
<3 @ (a[33]) | (b[O]) | (c[O]) | (d[8O]) > | "a’b/c’d
@ 3.0679938546387184e+3],

[1000 : init | < 0 @ (a[142]) | (b[18]) | (c[0]) | (d[O]) > |
<1 @ (a[0]) | (b[242]) | (c[O]) | (d[O]) > |
<2 @ (a[0]) | (bo]) | (c[8o]) | (do]) > |
< 3 @ (2[18]) | (b[o]) | (c[O]) | (d[8O]) > | "a’b,/c’d
@ 4.0271359303450395€+3],

[438 :init | < 0 @ (a[160]) | (b[O]) | (c[0]) | (d[O]) > |
<1 @ (a0]) | (b[260]) | (c[O]) | (d[O]) > |
<2 @ (a[0]) | (b[O]) | (c[80]) | (d[O]) > |
< 3 @ (a0]) | (b[0]) | (c[O]) | (d[8O]) > | ‘a’b/c/d
@ 4.6001450653146167e+3],

[0 : init | <0 @ (a[160]) | (b[0]) | (c[O]) | (d[O]) > |
<1 @ (a[0]) | (b[260]) | (c[O]) | (d[O]) > |
<2 @ (a[0) | (b[o]) | (c[80]) | (d[O]) > |
< 3 @ (a0]) | (b[0]) | (c[O]) | (d[8O]) > | 'a/b/’c,d
@ 5.0313233386068514e+3]

Fig. 3. Result for the Collective Sorting simulation

0.9 ; .
Tuple gpace 1 —
Tuple Space 2 -

08 k‘&, Tuple Space 3

0.7 Mot Tuple Space

Number of Tuples
Entropy

0 1000 2000 3000 4000 5000
Time H i . i
Tuple Template 1 ——— Tuple Template 3 - 0 1000 2000 ) 8000 4000 5000
Tuple Template 2 =w-wss-=s- Tuple Template 4 Time

Fig. 5. Dynamic of tuple spac®: notice that only one kind of tuple Fig. 6. Entropy of tuple spaces: they all eventually re@gcthat is, complete
aggregates here. order.

In order to adapt the agents rate we need a measure ﬂ[j it is easy to notice that< H,; < log, k. We want to
order. as already stated in Section Ill, spatial entropy may Qpress now the entropy asgocié]tea \fvith 52:1 single tuple space
an effective measure for system order. If we denote wijth
the amount of tuples of the kinél within the tuple spacg, .

n; the total number of tuples within the tuple spaceandk H. — > i1 Hij ©)
the number of tuple kinds, then, the entropy associated with I log, k

the tuple kind: within the tuple spacg is

n; where the division bylog, & is introduced in order to obtain

H;; = % log, — (2)
n; Qi 0 < H; < 1. If we havet tuple spaces then the entropy of the
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system is
t

Tupie Space

1 ;
= ; ZH] (4) 0.8 k& Tuple Space ;—
7j=1 % Tuple Space 3
0.7 ,; Tuple Space 4
where the division byt is used to normalizeH, so that . ;
0 < H < 1. Beingt the number of tuple spaces then it also o
Q2  o.5
represents the number of agents: let each agent work at rate ¢
H;r, andtr be the maximum rate allocated to the sorting task. & o
If we want to adapt the working rates of agents we have to 03 [
scale their rate by the total system entropy, since 02l
t ¢ 1 0.1
Yy rHi=tr=9= ——— = — (5) ‘ - :
j; ! Z§:1 H] H ’ 0 1000 2000 3000 4000 5000

Time

hence each agent will work at rafé’-i where H; and H are
computed periodically.

In order to modify the Collective Sorting model of FigureFig. 7. Entropy of tuple spaces in the variable rate case: the system reaches
2, we replaced the constant agents rate of the first four actf§f complete order since st&00.
(refer to Section IV-B) with the Equation 3 : hence, the activity
rate of the tuple spacgbecomesH; instead 0f0.25 . Using
load balancingwe introduceddynamisnin our model: indeed o ‘ ‘ ‘ ‘
in each simulation step the activity rate associated with a tuple e Rate
space—i.e. the probability at a given step that an agent of the . 1
tuple space is working—is no longer fixed, but it depends L
on the entropy of the tuple space itself. Hence, as explained
above, agents belonging to completely ordered tuple spaces
can consider their goal as being achieved, and hence they I
no longer execute tasks. Moreover, this strategy guarantees a e
better efficiency in the load balancing of agents work: agents 0.2 f ",
working on tuple spaces with higher entropy, have a greater |
activity rate than the others on more ordered tuple spaces. ' }

Using the Collective Sorting specification with variable 0
rates, we ran the same simulation of the Section IV-C: the chart
of Figure 7 shows the trend of the entropy of each tuple space.
Comparing the chart with the one in Figure 6, we can observe
that the entropies readh faster than the case with constant. . . .

. . o g. 8. Comparison of global entropy in the case of constant and variable

rates: indeed since ste&§f)00 every entropy within the chart rate: the latter reaches the complete order quicker.
in Figure 7 isO, while with constant rates the same result is
reached only afte4600 steps. The chart in Figure 8 compares
the tendency of the global entropy (see Equation 5) in the casg |n the context of collective sorting, we plan to evaluate
of constant and variable rates: the trend of the two entropies other load-balancing approaches, optimising the conver-
represents a further proof that variable rates guarantee a faster gence to Comp|ete order, and Working with different

Entropy

0 1000 2000 3000 4000 5000

stabilization of the system, i.e. its complete order. combinations of the number of tuple spaces and tuple
kinds.
V. CONCLUSION AND FUTURE WORKS « The library itself is currently a very simple prototype,

In this article we argued about the necessity of consider- but we believe it could be improved in several ways and
ing stochastic aspects when designing emergent coordination become a very practical simulation tool.
mechanisms: this issue is both emerging in few proposals® Another interesting idea would be to apply our library to
of new coordination models and in related research contexts. SOMe existing coordination models like SwarmLinda, and

We evaluated these ideas by using theUdE library we provide the necessary tests for the proposed algorithms.
developed, considering and simulating a typical scenario of
swarm-like coordination, the collective sorting problem, which REFERENCES

we believe is a very paradigmatic application of emergen[tl] E Bonab M. Dori 4 G. Theraulgwarm Intell .
. . . . . . bonabeau, . borigo, an . erau yarm Intelligence: From
coordination because of its basic formulation. Natural to Artificial Systemsser. Santa Fe Institute Studies in the

Several interesting future works can be pursued: Sciences of Complexity. Oxford University Press, Inc., 1999.
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