
九州大学学術情報リポジトリ
Kyushu University Institutional Repository

Studies on Communication Strategies in
Cooperative Search

楢崎, 修二

https://doi.org/10.11501/3111011

出版情報：九州大学, 1995, 博士（工学）, 論文博士
バージョン：
権利関係：





Studies on Communication Strategies i11 

Cooperative Search 



Studies on Communication Strategies in 

Cooperative Search 

Shuji N arazaki 

1996 





Contents 

1 Introduction 

2 Communication in Distributed Problem Solving 

2.1 Previous Works . . . . . . . . . . . . . . . . . . .  . 

2.1.1 distributed Yehide monitoring testbed : flat strnctmrs 

2.1.2 pur. uit problrm 

2.1.3 languages with field-based rommuuicatiou 

2.1.4 works on cooperative search 

2.1.5 other works . . . .  

2.2 tility of Communication 

2.3 Utility-Based Communication Strategy . 

2.4 

2.3.1 three axes of ·ommunication 

2.3.2 controlling communication based on local mocld 

2.3.3 comparison to commtmication in 1 nlti-A gr 11 t Syst<•m 

Summary . . . . . . . . . . . . . . . .  . 

3 Communication Strategies for Cooperative Search 

3.1 A Model of Cooperative Search . . . . .  . 

3.1.1 performance of cooperative s arch 

3.1.2 estimated search speed . . 

3.1.3 quality of the stimation . 

3.2 Range Control Strategy . . . . .  

1 

9 

9 

10 

13 

15 

1 

20 

21 

24 

24 

2r: .J 

27 

29 

29 

30 

32 

34 

3G 



ii 

3.2.1 two spatial structure�: fiat and hierarchical . .  

3.2.2 phase transition brtwrru two spatial structnr<'s 

3.2.3 . tructure changing protocol 

3.3 Frequrncy Control Stra_trgy . . . . 

3.4 History-Based Estimation of Param ters 

3.5 Structure of an Agrut 

3.6 Summary 

4 Evaluation and Discussion 

4.1 Traveling Salesman Problcm as a CooprratiYr Search . 

4.2 Rc ults of Simulations . . . . . . . . . . . . 

4.2.1 

4.2.2 

4.2.3 

spatial coHncctiYity control strategy 

frequency control strategy 

results 

4.3 Discussion . . 

4.3.1 applicabili t.y of the strategies 

4.3.2 dealing with hrterogeneity . 

4.4 Summary ............. . 

5 Separate Description of Communication Strategi s 

5.1 Communication Strategies a 1etalevrl Computation. 

5.1.1 related works . . . . . . . . . . . . . . .  . 

5.2 Implementation on CLOS Meta-Object Protocol 

5.2.1 meta-object protocol 

5.2.2 cl a'3s structure 

5.2.3 interface to progranuner 

5.3 Applications . . . . . . . . . .  . 

5. 3.1 traveling salesman problem 

5.3.2 shared object management 

5.4 Discussion . . . . . . . . . . . . .  . 

CONTENTS 

36 

31 

39 

.J() 

-l-l 

-l/ 

-o 

53 

53 

,J,j 

56 

64 

66 

61 

61 

69 

10 

71 

71 

13 

73 

74 

70 

1 

2 

2 

6 



CONTENTS 

5.4.1 

5..!.2 

5.4.3 

n'strictiou of lll<'ta-ohj<'ct protocol approach . 

role differentiation by nwthod combi11ation 

dficirncy 

5.5 Summary 

6 Conclusion 

Acknowledgments 

Bibliography 

Index 

iii 

G 

91 

95 

97 

109 

111 



iv CONTENTS 



List of Figures 

2.1 DVMT environment 10 

2.2 Pursuit Problem 13 

2.3 Effect. of View Rang('s in Pursuit Problem 1-! 

2.4 Group communication in Cdlula 13 

2.5 balancing utility and cost 23 

3.1 reduction of search . pace . 31 

3.2 effects of cooperation . 31 

3.3 effect of communication function( 1) . 33 

3.4 effect of communication function(2) . 33 

3.5 control flow of rangr control :-;t rat gy 3G 

3.6 two spatial structures 31 

3.7 phase transition betvvN'n strategies 3 

3.8 protocol for changing structure 39 

3.9 effect of broadcast frequency 4.0 

3.10 reduction of search . pacr with frequency control 41 

3.1 1 effect of multicast frC'qucncy . 43 

3.1 2 the effect of the heterog neit:r of agrnts 44 

3.13 estimated curve . 4G 

3.1 4 making game-matrix from local history . 4 8  

3.15 structure of searching ag('nt 49 

4.1 structure of TSP syst<'m .. ... . 

v 



vi LIST OF FIGURES 

-!.2 distribution of all di�t<mcPs in a T P 

4.3 distribution of the rcnewal Yalucs 

4.4 changes of clustrrs' si;;e ... 

4.5 results of spatial strate gies( 1) 

4.6 difference of �Iontc Carlo simulation and n / ( n + 1) f'stima tion 

4.7 difference of �vlonte Carlo simulation and n / ( n + 1) estimation(2) 

4.8 results of spatial stratrgirs(2) 

4. 9 results of spatial strategies( 3) 

4.10 trace of the size of the range 

4.11 result of frequency strategy(1) 

4.12 result of frequency stratcgy(2) 

5.1 separate description 

5.2 class hierarchy 

5.3 slot structure . 

5.4 shared object distribution 

06 

:-G 

.) I 

.)0 

GO 

61 

62 

62 

63 

G--1 

G5 

12 

76 

I 



List of Tables 

2.1 A Summary of Communicatiou Pcrfonnance iu DY�IT . 12 

2.2 Effects of temporary caching method 17 

2.3 ways to change communication costs 24 

4.1 comparison of search algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . G 

Vll 



viii LIST OF TABLES 



Chapter 1 

Introduction 

The speed of compter.· has brcu inrrca. ing constantly. HowrYer, <'V<'ll now, it is uot suftici<'llt 

for building Artificial Intelligence (AI) systems, csprrially for a rra.l-timr s<'lf-coutroll<·d robot. 

The brain of a human bring that consists of about 1 giga, rrlls \'\'Orkiug in parallC'l, is mon' 

intelligent than the artificial brain on any omputer. though a rrll is thought to haYr less com­

putational power than the rurreut VLSI chip. Thus. a bunch of proc<'ssors on'rconlrs a siup.;l<'. 

complex processor. This idea is well knovn1 and is used a<; parall('l/clistribntrcl procrssiug. he· 

purposes of parallel/ distributed processing can br summarized as follows: 

functional distribution to solve a romlex problem 

load distribution to execute a program efficiently 

geometrical distribution to solve problems that are distributed ovN a wide area . 

Since, iu a lot of areas of application, omputational power cauuot b<' llS<'d satisfa,ctorily, 

the computer hardware, operating sy. tem. · and languag s for parallrl procc•ssiug ha.v<' lH'<'ll 

researched and developed. 

The same may be said in AI. The introdu tion of para,llrl 1 rorrssing iuto I wa,s mad<' in 

the latter half of 19701s. DistTib·uted H eaTsay-II [LE80] was the first speerh-rPcoguition syst<•m 

that used parallel architecture in order to achieve a high-pcrformacr. Thr n'<·ogni tion proc<'ss 

is divided into some stages aud each stage onsists of some processes that nm iu parallel. It 

elucidates the clifficulity of parall led AI processing; since the flow of a job clepeuds strongly on 

1 



2 CHAPTER 1. INTRODUCTION 

incoming data. it is difficult to determine the order of a job and to clPcidc the ftow of iuformatiou 

before its execution. In fact. the first implementation of H<•m:-,ay-II. that was n· ntralizcd .  usc'd 

heuristic-based schedukrs to control the order of process actiYation. incc clistrilmt<'d Hearsay ­

II uses physically partitioned commm1ication media in orclC'r to aYoid bottle-necks at a siu�l< · 

communication medium. each procrss has to w rk with local information under th<' limitatioa 

of the communication bandwidth. The 'chccluling 1 rohlem b came thr problC'lll of sdcctiug 

infonnatiou to be en t. Localization of communication and cOO]Wratiou bctwC'eu tasks wen 

required. 

Distributed Hearsay-II is a system with a single input flow, multiple' processing units, and a 

single output flow. On the other hand, a clistributC'cl monitoriug system that was au npplication 

of AI was a system with multipl0 input flows. It merges local information from s<'nsors that 

are distributed physically, and generate, a global, rational view of the sc•usNl rC'gious . This 

application requires distributed processing, since t.he inputs <'Lr<" inhen'ntly distributC'd, a.nd 

since the merging task is also clistribu ted for reducing communication cost. 

The most important issues in the. c applications are: 

1. making sure that thC' information in each pro essmg unit 1s snfficirnt 1n quality aud 

quantity to solve the problem locally, and. 

2. addressing the fact that thr exchange of all local information betwcC'n JHOC<'ssinp, twits is 

imposible because of the existence of communication cost. 

Namely, each processing unit that i. ·allcd an agent ha.s bo1.mcled rationality. Tlu' t<'rlll '1 onnd<·d 

rationality' means an individual should make a decision rationally with ouly iucomplC'tC' pi<·crs 

of information and with limited time to select his action. It is usrd ill <'conomi<"s aud iu 

organization-theory to determine the origin of the forms of orgauiza.tiot1s. 

A realistic answer for this problem is building dynamic r latious am ug agc•uts by <'Xchaug­

ing only some pieces of local information among each othC'r, a.c:; long a.-; it ka.ds to aclti<'viuf,!; a. 

better answer. In other words, making an appropriate organiz ation of agents is r(' quirecl. This 

is the root of Distributed Artificial Intelligence (DAI). 

In the middle of the 1980's. DAI has been thought of as consistiug of two sub-n•sc•a.tTlt an ·as : 
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DistT'ib·uted Problem. Sol-uing ( DPS) and .\Iulti-A.geiJ t S.n.;tellls (:\IA ' ) . In DP . agruts haY<' a 

shared goal. Each of them execute subgoals simultaneously. TlH'y rxch;utgr th<'ir partial r<'sttlts 

in order to maintain consistency or achieve bettC'r pC'rforuuwces. The listrihutrd constraint 

satisfication problem. that contains distributed sC'arch prob!C'm, i.· a cla...,sica.l sampl< probl<'m 

of DPS. 

On the other hand, lAS consi ·ts of antouomous a.grnts. Each has its ow11 goal. To 

complete their goals, they should cooperate with each oth<'r and sltonld haY<' social rationality. 

For example, managing shared resources or planning their own lwhaYiors is required. In hoth 

systems, agents should change th relations between agents dynamically. Since t h<' goal of 

MAS is the executability rather than performancr, which is th(' goal of DPS. W<' will discuss 

DPS systems mainly in thi · thesis. 

In both areas, cooperation means to select. an appropriatr organization dyncuuically hy 

exchanging a piece of local information with each other. Tlms cooperation is a kind of mda-

level computation that controls problem- level computation dour by agents. It controls tlH' 

number of agent·, roles of each agent, communication topologies and frC'qtll ncies, mrssagrs 

among agents, and so on. The optimal form of computation changC's dynamically, t h<'rrfor<' 

agents must choose an adequate form of cooperation during execution in order to achi('Vl 

the best performance. The selected form vvould b bettrr that othrr on<'s. Class<'s of tlt<'S<' 

forms even include sequential or centralized computation forms, i.e. sJwtrt ag<'uts dt<H>S<' th<' 

centralized computation if they find that it is lwttcr than the d<'ccnt.ralizrd. 

Therefore, cooperation requires acquiring information on ot.h<'r agents. sually that is 

done by commtmication1. A property of this kind of commuuicatiou is that it is optional: th(' 

necessity of it depends on its situation. Its goal is making a model of an ag('nt's <'nviroullH'llt to 

determine the form of organization. The agent can clctcnnin<' th<' frcqu<'ncy or th<' llliJUIH'r of 

receivers, as long as he can build a sufficient model. Thus even if an ag<•nt r<'quircs hro<tdca . ..,t 

for an optional communication in a situation, hc would ucecl only onr-to-on<' commuuicatiou for 

same optional communication in another situation. Optional com1mmicatiou for cooprration 

should be controlled by a strategy that use a local model of its cnvironmrnt. 

1 An exampl of the exception is agreement mechanism based on ganw-t !JPorctir approach [BC:C:HG]. 111 

particular the focal-point approach [FKR9.S], which does not requirP explicit \Ollllllllnica.tion. 
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\Ye think that the cxistancc and the HN' csity of a local mocld of an ag<'llfs ell\·irotllll<'llt 

1s the most difference betwe 11 DAI/�IAS and usual parallcl/distrihutcd proc('ssing. 'onl<' 

researchers haYe clt>fiuccl an agent <t!' "the system that requires the tt'l'ms likc bdid. utility. and 

orientation in order to aYoicl oYer- complt>xit�· in cksrribing its bdlaTiors'' [Ish9- ] . .  part of its 

complexity comes from tht> sensitiYity of agents again ·t chcwgrs i11 their e11,·ironments. Agc'nts 

collect information concerning their enYirouments in orckr to hdnt\'(' ra.tionally. But it is uot 

a trivial task. 

Our interest could be dC'scribed as to make a grnrral commnnicatiou strat<'gy for DP . 

t>specially for the sy terns that consi. ts of identical agents. Iu DPS. mor amount of kuowkdg<' 

about the circumstances leads to bet ter brhaYiors of thC' ag<'nt. ·, but sharing knowledge· ccwscs 

more communication co t ·. Therefore, it is crucial to cousicl('r t.h(' ·utility of commltnira.tion to 

exchange the local knowledge of each agent. Th term ''utility" comes from economics a.nd t h<' 

game theory, to describe the quality of the result of au action done by an agent. sing utility 

of communication will provide a d ifferent approach to that used in the distributed H a.rsay-II. 

Since the localizing method used in it was based on the heterogeneity of proccssing cl<'ment.s, 

we can not use their idea for homogeneous agt>nts. Utility is a good measmc for d<'scribing an 

agent's environment, even if agents a.re homogeneous. 

If communication costs could be negligible, sharing all information among all a.gcuts would 

be the best for cooperation. But as conunuHicatioll costs are much high('r than compul a.l ion 

costs in real distributed systems. none of the agents can haYr a global Yil'W any loug<'r. liJstea.d, 

each agent has its onw local view ouly, a.ncl there is just partial consist<>Hcy of informa.tion 

shared. How local the view of an agent is deprncls on the utility and the cost of commuuicatiou 

among agents. But because its view is local, it ran not find the optimal form of coullltlllli('atiou. 

We consider cooperative search, such as tlw distributed vehicle monitoring. as a typical c·x­

ample of distributed probl m solving. Agents rnnni11g in pa.rall<>l pcTform a SParch procNlnrr. 

They can redu e the amount of their own tasks, or improvr t h(• qnaJity of sc•a.rch rc•sults by 

exchanging some information about models oft hems<:'lvcs. the circumstance. and/ or iutC'l'llH 'di ­

ate results. But in the distributed situation where communication costs arc not negligible, the 

wider and the more frequent communication is, the worse th<' wholr p<'rformance is. Th<'rrfore 
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deciding when and with whom to commnuicatr i: crucial. 

Finding an adequate structure of agrnt groups is au im portant ISSU<' 111 DAI [GTIHL 9. 

DLC87b, IGY92, Gas92a] . and there has been som<' researclws in this matter [DG n. Hnh 7, 

AG92]. For example. agents can change th<' utility of communicatiou by changing tlH' con:n.r·c­

tivity of them, i.e. the abstrachH'ss or quantity of information. tlw uumlwr of rec<'iY<'rs. or th<' 

frequency of communication. They clctenuinr the social strnctur<' of ag<'nts . J\Iost r<'S<'<HTh 

has addressed the <'ffect.· of tlw abstractuess. But kw stra.t<'gic•s that cbaugc• th<' structure• 

dynamically haYe been proposed. 

In this thesis, we describe some new communication strategies for coopera.tiY<' search [ rYY94]. 

Under the as nmption of the homogeneity of agents that means ev<'ry a.g<'nt has th<' sam<' com­

putational power, our strategies estimate the real amount of information based on th<' history 

of the local revision of information. Agent.· control communication costs by changing tlw num­

ber of the receiver of nmlticasts. or by changing the frequency of the multicast. Couseqn('utly, 

programmers need not select au efficient communication pattern at progra.nuuing t.im<'. Fur­

thermore, we propose a way to describe a strategy and a problem S<'parat('ly. Our Ulrt hod ns<'s 

meta-level computation for it. Its implementation is described lat<'r iu this thesis. 

The structure of this thesis is as follmvs. 

In Chapter 2, we summarize researches on cooperation strat.('gi<'s that ch<-Ulf!;t'S tlH' quality 

of communication. We mainly disscnss Distributed Vehicle J\1ouitoriug T<•st 1 <'<l. st rat q!,i<·s 

for the pursuit problem� field-based communication languages , a.ud st udirs 011 co<>J><'rativ<' 

search. From our point of view, most studies fall into t.hrre categoriC's: abstntctu ·ss ccmtrol. 

communication-range control, and frequency control. But t.br last two coutrol methods to 

which our proposal strategies belong, have not been well r sNtrchrd. 

Chapter 3 describes our three strategies for cooperative scard t . T he first two stra J <'gi(•s 

change the spatial connectivity among agents. The last on<' clt aug<'s th<' frcqu ucy of nlllltica.s­

ting among agents. 

Mathematical analysis shows the quality of proposed strategies. First, we iuv<'stigatf' thr <'X­

istence of a peak in the performance if changes in shared information arC' distrihu t{'(l uuifonnly. 

It leads to the need of communication strategies. Second, we show that the phas<'-trausitiou 
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between flat relations and hierarchal n•lation on spat ial strudnr<'s <U<' JT<ptir<'d iu sonw nt:--<·� . 

Tlm we provide a protocol for changing t h<' relations. 

Here, we also mention the llH'aus for modrling otll<'r agents in our stratq.?;ies. An agrut 

uses its own execution history as a mo lrl. This nwans that wr think of pa rall 1 S<'<nch<'s on 

agents as a kind of rrgodic pro<Tss. Using tll<' local history. an ag< ut fon·casts th<' utility of 

comm tmication before an interaction. In a cooprratin · srarch. ;-m rxrcntiou hi�tory can 1><• built 

from the history of the n.'n<'wal of some hint for SC'arch, for rxa.mplC'. s< arch-spar<' thn•shold. 

Thus, building an execution model in our strategic'. · is not c •xp<'nsiYr. A simplr gamr shows th<· 

effectiveness of this method. Agents ch ange the number of r crivC'r.' (rang<' of conununica.tion) . 

It fits well even if each history can not hold the rxact mocl<'l sincr tlH' lrHg th of th< history is 

bounded. 

In Chapter 4, we evaluate the two . trategie through th<' Tra.vrliug Salrsman Prohl<>lll sim­

ulations. The Traveling Salesman Problem is one of thr typical C'Xampi<'s of coop<'rativr s<'arch. 

Agents exchange thre holds with each other. The strategies control the way to rxchangr th<'m. 

The result shows the strategies brought goo l performance. Thr quality merrly d<'JH'IHls 011 

c ommunication co. t. and the initial relations. Agent ' connectivities are coHtrollrd rationally 

by the strategies. 

\f\Te also discuss the adaptability of the strat<>girs. vYr da.iu1 th y c;.w 1H• applic•d to th<• 

A* search well. An 1 we expC'ct that our method is not ouly nsc•fnl for coop<' rat iv<' �<·arch 

problem but also for the other domains. vVe mention the managc•mc'at of a shared o l >jPC' I 

with strong consistency on thr clistribu tC'd systems and s<>lf-organiza.tiou iu g<'u<'t ir al).!;ori t ltn1 

systems. Hi tory-based cooperation mrcha.nism is a good way to build a. model of <'HviroHllH'nt.s. 

Section 5. tates another issue of this thesis that is an impkmrntatiou that lllak< •s th(' rt>US<' 

of strategies easy. The communication strategy should be indepeudeu t of a.ppl i catiou prograll1s. 

We found that the metalevel computation mechanisms in some objrd-ori<'atC'd progra.mminp, 

languages (OOPL) are useful for code separation. Using it, we cau separa.t<• commtlllicatiou 

strategies from problem-level programs easily. Thus programmers' task is dividC'cl iuto two 

independent subtasks. Library designers provide metalevel librari<>s for comHutuirrt.tiou stra.t<'­

gies, while application programmers focus th ir atteutions only on problc'm-lrvd programming . 
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and declare communication !->trat('gi(•s a.-., rmta-dass ohj{'cts.  Thi� approach 1s a ll<'W way to 

u e the power of the mrtalevrl computatioua.l in tlw DAI domai11. 

Our ClllT<.>nt implrmrutatio11 011 thr Common Lisp Object Systrm ( LO,') ).l<•ta-Obj('ct 

Protocol (:�IOP) provides a gcueral franH'work for writing coop<'ratiou methods has(•d on a 

particular variable's history. \Ye also givC' sample coclC's for T P. sharrcl objects with :-,tro11g 

consistency, and eli cuss the m<.>rits and limits of this approach. 

Chapter 6 is the coucl usiou and fu turr directions of the rrsearch. \Y<' discuss t h(' form of 

cooperation on parallel systems 011 which we cau ignorr t h<' commuuicatiou costs .. fter shm,·iug 

the need of cooperation on parallel system , we will give a means to moclif�· our stratrgies for 

the requirements of such systems. 
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Chapter 2 

Communication in Distributed 

Problem Solving 

Since one of the goals of DAI is building an effirirnt organization of autonomous procrssiug 

units (agents) on distributed rnvironmC'nts [BG88, D I91a], communicatiou among ag<'nt.s is 

a crucial issue of DAI. In this thesis, WC' focus our attention on clistributrd srarch. S<'arch is 

a fundamental problem in Artificial IntC'lligence, and rovers a widr arra of tll(' issurs i11 DAI 

system [LC's90, Yok95]. The proce sing styles of distrihntrd srarrh fall i11to h\'O cat<'gori<'s. In 

the first category, the searrh spare is divided into some sub-spa.cC's that an' managed by d<'<li­

cated heterogeneous agents respectively [SRSF91, I�G94, YDII�92, CL , HD91 ]. 'oop<'r;ttioa 

among agents is crucial to solving the problem. In the oth<'r cas<', <'ach ag<' l l t is autonomous: 

it has the ability to solve the problC'm without th others' cooprratiou. Siner our int<'L'<'st is iu 

the organization of uniform members, we will discuss the lath'r. 

Now we will give a summary of the previous works, rsprcially in DPS, iu th<' urxt S<'ctiou . 

After that, we will categorize them into three types and introdun' a llH'ctSlUT of lh<' rcttiouality 

of communication. 

2.1 Previous Works 

Communication is crucial for agents in ocl r to decide their brltaviors iu dynamic <'ILviromuruts. 

It is a primary way of knowing an agent's environmC'nt. SincC' commnuication costs arP uot 

negligible in real computational environments. we must givr a smart stratrgy for dficirnt 

9 



10 Con11nunication in Di tributed Problen1 Solving 

communication for agent:-.. onH' DA.I rrsrarchers stood on th<' �cUlH' po�itiou. Though tll<'S<' 

are not proposals for a realistic strat g�', it would b<' useful to mak(' a surn'y. 

2.1.1 distributed vehicle monitoring testbed : fiat structur s 

Distributed monitoring or distributed interpretation is a da.ssic <·xampl<' of DAI. Dnrf<'r d 

al. haYe used it as a platform for trsting thr qualit�' of communicatiou stratrgy [DLC"Ib, 

DM89, Dur88] . Their framC'work is callrcl DistTibuted Vf'hiclf' Monit(winq T('stlwrl (DY�lT). 

The system consists of nodes. Each noclr bas a S<'Hsor whos<' ra11g<' is bolllHI<'(l. Th<' s<'arch 

space, the area to be searched, is diYided by the ranges of srnsors that would OYC'rlap ra.ch 

other. The search space and thr range· arr prc-cletrnninrcl bdorc· th<' rx:C'clltion. Tl l<' goal of 

the system is to build the paths of moYing YehiclC's in thC' srarch spa.cC' (Fignn' 2.1). SincC' <'ach 

vehicle passes through some of the sensors' ranges, and thC' srnsor's inputs would contain <'rrors 

sensor 1 

• 

• 

• 

• 

data 

• 

sensor 3 

overlap 

............. 

• 

• • 

sensor 2 

-. 

' 

• 

• 

the region of sensor 

Figure 2.1: DVMT environment 
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like gho ts or uois('s. rach uocle should rxcha.nge information rarh ot h<'r iu ord('r to 111ak<' lliOr<' 

rational outputs. 

For this reason, communication hrtwrrn noclt'. · affrcts t hr quality of answ<'rs. How<'H'C d ur 

to the existence of noises. complrtC' kuowlrclgr, itsrlf. docs uot l<'a.d to th<' corr('ct ans\\'<'r. Y<'ll 

if an agent could be isolated. it could still rrturn an answrr. Thus \\'(' can say that th<' syst<'lll 

built in a functionally acc·urate. COOjJ('TrLti·oe (FA/C) mmtn<'r [LC . L<'s91 ] . 

The job of each node can b<' dividrcl into thr following stag<'s: 

1. getting output from a local sensor, 

2. building a candidate path from thc sC'qnencr of outputs, a.nd 

3. combining reliable paths in order to build overall paths mtd dd t<' uur<'lia.bl<' on tpn ts. 

Nodes repeat the stages on demand. Information sent from othrr nodes affrct. loc;.ll decision 

making in each tage. Nodes should .'elect the iuformation to send aud select the path to lH' 

combined that is urgent hasecl on tlw information that has arrived. 

On such a setting, they havE' measured the umnber of comnmuications whil<' d !i-utgiug 

information that is exchanged. The important re ·tdt of thesr C'xperimrnts is that thr sdrctiou 

(or reduction) of information to be sent achieves better JWrformauc<' than t lH' <'xchaHg<' of all 

information among the nodes. Table 2.1 is quoted from [DLC 7b]. Thrr<' <'llvirollllH'llts \V<'r<' 

tested; Normal, Overlap, and Twice-Data. And thr<'<' commmtication polici<·s W<'r<' us<'d; S<'ud­

all, Loc-comp, and F-and-L. The caption of Table 2.1 descril)('s thes<' mra.ni11gs. Th(' dilf<'r<'lH'C'S 

between them affect sear h plans that ar<' geueratrd by E'ach agrut. 

The result can be summarized as follows. First, higher-abstra.ct<'d iufonna.tiou abottl patl1s 

of vehicles is desirable, for it has more certaiuty than raw data, as loug c s a uodc• s<'ILds it 

in a timely manner. Second, sending a plan of each ag<'nt proprls roh -diffrrrutiatioll, lliUlH ly 

reduction of the number of cl u plicatecl executions of an idC'n tical task. 

But regrettably, they have not propo. eel the way to srlect thr appropriat<' ahstracturss of 

information dynamically. And the numl)('r of se11. ors was fixrcl to 4. Thrrdore. we• can uot 

discuss a large scale sensor system on which we can not ignon' commuuication cost or cl<'la.y. 
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Table 2.1: A Summary of Communication PrrformaHCl' in D\'I\IT 

Environment Communication Polic)' Solution Time Total Trausmittcd H�·p:-, 

or mal Send-all -19 
1oc-comp 45 

F -and-1 -19 
Overlap Send-all 52 

1oc-comp 39 
F-and-1 46 

Twice-Data Send-all 107 

Loc-comp iO 
F-and-1 99 

Legend 

Environment: The simulated enviromnent 

25 
10 
20 

16 
11 
16 

7-l 

17 
29 

Solution Time: Earliest time at whi h a solution >vas found 
Total Transmitted Hyps: The total number of hypothcscs trausmit t <'cl 

Seud-all sends all hypothcses (candidates for paths). 1oc-comp (locally-<·ouJplct<') com­

munication policy transmits only hypotheses which it can not illlproYc upon. F-<md-L 
(first-and-last) is essentially the 1oc-Comp policy with the added stipnla.tiou that if a 

hypothesis that is eligible for transmission does not incorporatr auy prcviously col!Jlllll­

nicated hypotheses, then transmit it without delay. ThC' ovrrlap <'nviroumcut has larger 

overlapped areas. Twice-Data environment has the sruue ovrrlap as the N onual, hut twicC' 
as much data.  
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Finally. the roles of node� are homogrtH'ous: thr dfrcts of a. hi<'rarchical strnctun' wrr<' not 

measured. 

2.1.2 pursuit problem 

The P-urs·uit Problem is also a dassical <'xample that requires cooperation a.nHHtg a.g<'ll ts to 

solve the problem. In this problem, thrrr arr four pnrsuiug agents (pu.T8'/U'T8) and cut escaping 

agent (an escaper). They arc located in a two-dimensional spa.ce. Til<' p;ocu of the pursu<'rs 

is to locate themselves at the four neighbors of thr rsnqwr. Sl'r Fignn' 2.2. The hatched 

circle in the center of the left figure is the escaper , and the other four circles an' the pursuers. 

This configuration is knovn1 as Benda's scenario 1 ( [B.JD 5]). Ev<'ry agent 111oves OIL<' block 

(eight-neighbors) at every step. The right figure is th goal statr. 

Since this goal is not decomp osed to four independent . ubgoals that ;u·c' to plan' itsrlf iu 

a neighbor of the escaper, all pursuers should cooperate with rach othrr, as all of th<'m plan' 

them ·elv sat appropriate neighbors of thr escaper. And since thr rscaprr movrs randomly or 

smartly, four agents continu to cooperate during the pursuit. 

Research directions are summarized as follows: 

1. 11ake an appropriate organ ization like an orclcr-obedicncr hirrarcby or onr for iufonua-

tion flow [B.JD85, SM89, LR92, RB89] lVIrasHrcmeuts arc mainly t h<' <·ompl<'l<'ll<'ss of 
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Figure 2.2: Pursuit Problem 
The left figure shows an initial state that is known as Benda's sc nario 1. Th<' right 

one shows its goal state. 
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Figure 2.3: Effects of View Ranges in Pursnir Prob l<•m 

6 8 10 
view range 

Experiments ar with Benda's scenario 1 and 6. The curv<'s labdrd '·iuit hiat" �->how!'> 
the result of pursuit by agents that know the initial positiou of the cscapN at t h<' fir1-1t 
step. 

12 

jobs or the time needed to achieve the goal. To get a high compktrn<·ss, flat structur<'s iu 

which decision-making about actions are distribut<·cl ar<' bett r tha11 hi<'rarchical struc-

tures [BJD85]. On the other hand, the hierarchical ordering strnct.un is bdt<'r rha.u 

the fiat and the negotiation-based structures for the purpose of spred [SM89]. TlH·ir 

experiments were done under environments in which age11t.s have infiuit<· vi<'ws. 

2. Investigate the effects of view ranges of pursuers [Osa93,. Tar95]: how much iufonnatiou 

is required for building a coherent organization for pursuit? 

14 
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agent 

Intra-group communication 

Figure 2.4: Group r ommuuicatiou iu Cellula 

We have investigate 1 the eff ·ts of view rangrs of punm<'rs [N ax95]. Our ruviroumcnt 

differs from Osawa's paper in that it has no comumuicatiou costs. Thus, this ideal 

environment shows the net effects of sharing information. Thr result shows that problrm 

solving can be divided into somr stages and that au appropriate view rangr changes ttt 

each stage. As shown in Figure 2.3, the effects of virw raugrs an· vrry prrcipitous. It is 

important to hold a vie'v range larger than 2 """ 4. At thP sa.mr tinH'. this lll<'�Uls t l1a.t 

agents can avoid broadcasting or infinite view ranges to aC'hievc rational IH'ha.viors. This 

examination also lacks any propo. al of dynamic strategies. 

Very few researchers have proposed dynamic and flexible structures. 

For example, Osawa described a two phage strateg-y that changed th<.' fiat stmdnr<' into 

a hierarchical one, when the pursuers reacllC'd a prr- fixed dist allC'(' from th<• C'�Ca.JH'l' [ ()�a.93]. 

The value of the threshold was det<.'rminc d by pre-experienc s. But it inhc·rrutly drpeud('d ou 

communication cost. In this sense, his approach wac; rather a static stra.trgy. 

2.1.3 languages with field-based communication 
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Some re ·earchers 011 cli:,tributrcl procrs .. ing haxr proposed languages with group-ba�cd colll­

munication facilitirs. Sometimrs a group is r<'f('rrrd to as a .fi:dd iu tlH' cotlh'xt of AI. A fidel 

is used as a mrchani. m for implicit communication among agrnts that make a group (FigniT 

2.4). Propos0d language's haYC' at lNl."'it thC' following oprrators Oll a fi0ld: 

1. making a IH'w field 

2. deleting a field 

3. joining to a field 

4. leaving a field 

5. communicating with thr members of a field. 

And the objectives of the fields are summarized a.' follo·ws : 

1. to localiz commtmication. Agents can select the rrceiYNs that would!)(' int<'rrst<•cl in th(' 

information to be sent. An example is a partitioned blackboard systrm in [FLT/, LE 0). 

2. to share some properties among members. For example, an agent iu a firld ca11 modify 

the behaviors of the member of the field easily [Num92]. This is a kind of group rrflrctio11 

[MWY91]. 

It is also viewed as a commitmrnt mechanism. By storiug a commitlllC'llt amoug a.gc•Jlts in 

a field where the agents belong , it beconws common knowlrdge[H11 4, HM90]. It affc•ct s 

the behaviors of the members as a constraint. 

3. to achieve large parallelism by building a field from iclcutical workrrs [C'G80, CG90. ;<'] 5, 

Chi93]. A message to a field is recciYed by a m  mhrr that is idl<'. If th<' firld has a lot of 

workers, another message can be recriYed by another workrr. 

For example, our coop rative computatio11 model CeZZ.ula [Yi\190, YN91] caa make a group 

dynamically. Sin e each computational unit in Cellula has its own field, making a HC'W agc•at 

means making a new field that is used as a blackboard [LE80, EMS ] for ag<·nts that havr a 

common interest. Communication through a blackboard us s pattern matching; it can rmulat<· 
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Table 2.2: Efkcts of trmporar�· cachiug tnt'thod 

( 1) tlw number of communication in T P 

number of processors 

2 
3 
4 

srnd immrdiately 

1063 
953-! 

1396 

trmpora.r.\· cachiug 

3219 
-!301 
.f.f-!1 

(2) that in 11umber assingmcnt problem (DO ALD + G RALD = ROB RT) 

11nmber of proc<'ssors send immediately temporary caclt iug 

2 112 113 
3 
4 

473 
625 

:231 
361 

These numb rs arc quot cl from [Nar90] . Though we omit rc:-.nlts frotu th<' daps<'d 

time, they chang ed more drastically. Since tuple managements are clone in a ccHtraliz<'d 

manner, it becomes a bottl neck easily. As a result. th perfonuaucc of t be syst<'m 

without temporary caching becomes worsf' as the numl er f process rs incrcasC's. On th<' 

other hand, a system with temporary caching achieves almost a linear spcc·dnp. 

17 

both one-to-one and one-to- n communication. Though Crllula proviclrs flexibh' communication 

mechanisms, making and deleting a field, and managing nwmbers of a field is a programnH r 's 

task. Therefore building a smart communication strategy should be clone by each programmer. 

Cellula itself has no built-in strategy for general purposes. As long as a sprcifi c communication 

pattern we have proposed a method to reclucf' the mnnber of intrr-nodr commnnications for 

a Cellula implementati on [YN91]. It uses the property of thr conunuu ication of dlnla. In 

Cellula, a data unit to be exchanged is called a tuple. It has no address (l<'ft-hand value)· t h<' 

designation is based on the pattern-matching of their contents. Siner tlw orcl<>r of pa.ttC'm­

matching is not specified in its semantics, if a tuple match s a  query on tll <> loc·tl host, no int<·r-

node communication is needed. Therefore, if a nod<' genera.trs tuplrs and qneri<•s that ma.tdt 

each other frequently, waiting . ome periods for local matching could rrduce tlH· broadcast. 

More exactly, in this case, the tuple waiting for broadcast or to br sent back to a tuplc- servPr 

does not exist in the system, and can only be visible on the gcnC'rating node. h S<'lll<Ul tics 

of the tuple operation on Cellula allows for this temporal inconsistency. V./c call this m<'thod 

temporary caching. Since this mechanism would worsen thr system performancr , W<' add to tlH' 

languuage a declaration that says to use the mechanism or not to usC' it. In som<> <>Xp<>rim<>Hts, it 
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achieYed good r<'sult a· shm\'ll in Tabh' 2.2. But thr waiting time is fixNI. aud not controllahk. 

T his static mechani ·m al:o ha; an inherit rrstriction. 

2.1.4 works on cooperative search 

Search is not only a fundamental prohlrm of Computrr cicnc<' hut also an important prohJ<.m 

of Artificial Intellig<'ncr. S tucliC's in AI C'st ablisll<'d somr smart seq urn tial algorithms I i kr . "' 

srarch or beam search and a fC'w paralld algorithms likr hidin,ctio11al sf'arch. 

Comparing with other problC'ms, we can parallrlizc t h<' srarch algorithms rat hf'r easily, 

because a search process has high-paralldism. Generally, thrrC' is no rrlation hc'twrrn sra.rchiug 

agents. But cooperation in searching agents i. useful in both distribntrd aud parallrl systrms. 

Because the earch process can be thought of a<:; a process of finding lH'W kuowlrdg about thr 

problem, exchanging it will be helpful to rC'duce the size of thr job or to arhi<'Yr a hrt trr qualified 

answer. The importance of cooperation can be explain d by following othrr situations. ''rhrn 

we can not use a divide-and-conquer method because decomposrd sub-problems havr son1r 

relations (constraints) vvith each other, the searching prore ses should conmmnicatC' with r<trh 

other to satisfy global constraints. Sometimes it is called a clistributrcl constraiut. satisfication. 

Vve call both of them cooperative search [HW93, I\ni93]. Iu a sensr, the distribntrcl mouitoring 

problem mentioned in chapter 2.1.1 can bC' interprdrcl a':i a probl<'lll of cooprrative S<'<ll'('h OIL 

an erroneous domain, and the pursuit problem m ntiOll('d in 2.1.2 is anotlH'r <'Xa.tupl<· that 

searches for an C'ffect.ive organization and a plan on it. 

An important paper was published by Huberman [Hub90. Huh92, HH 7]. He show<'<! th<' 

effect of exchanging hint information in cooperative search problems. Th<' p<'rformn.nc<' \Vn.s 

plotted as log-tail curve against the amount of shared information. He claimed smart ('Ooper­

ation is important for achieving better performance. 

Hogg et al. measured the effect of communication brtween two cliff rent S<'arch algorithm 

processes in a hard graph problem (coloring problem) [H\i\!93]. They usN! au it< rat<'d-modifyiug 

incomplete search algorithm and an exhaustive and complete sear ·h algorithm. simultaueously. 

They exchange a hint that is a partial solution as we hav<' just cl scribrcl. But commnuicatiou 

is done through a central blackboard of limited size. The communication cost is fix d aucl a11 
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agent makes a deci. ion whcn it puts a hint into thc blackboard without a mo<kl of itself or its 

environmeut. The�- rrportt�d ouly the dfrrt of communic<-1tiou dcn�ity and th<' dfcct of co<'xis­

tence of t\vo different search algorithms. with oul�· 10 agents. \Yc can not ext rapolatc lwha,·iors 

in large-scale computational enYirounH'llts from their pa1 cr. h:itam11ra C't al. [ h:T 093. I\C93] 

also discussed the effect of thf' di,·ersity of drrision makiug in coopcrativc searches. They wer<' 

also concerned with the effect of communicatiou co.-ts. Tlwir algorithm uscs the stat<' of a 

communication channeL but sincr it dors not make a mod l of nW'nts. the p< rformac<' is not 

optimal when the communication cost becomes large. 

Since distributed decision making i a kind of distributed sParch for an agrrN1.blc plan, W<' 

describe them here. Syrara et al. studied the usage of hints [SRSF91]. Thcir approach is 

based on a combination of heuristic optimization and distributed heuristic search. <'<trching 

processes exchange text'Ur�s, which are a general form of hints. Their experiment shows that 

exchanging textures as a model of an enviroument is useful. Billard and P<-'t.-;qualc st11dil'd ou 

the efficiency of shared resource selection on delayed communication networks [BP95] . They 

analyzed it using a game t.hE'or tic approach. Each ageut changes its gaiu matrix. Due to the 

communication delay and overhead, agents ca.n not select thr beHt combination of lwhaviors 

with simple algorithm. . They found that a mediate frequency to exchauge t h<" gain matrix 

achieved the ma..ximal net productivity. And th 'Y proposed a lraruiug tlH'ch;.tHism t.o r<'dtt<'t' 

the effect of delay. Their approach would be useful, unless the resource wa.s the cmHumuicatiou 

network itself. And since their model used broadcast, any spatial locality of comuulllicat iou 

was not investigated. 

(IGY92] proposed a method of load balancing for a distrilmt <'d expert syst 111. Iu this 

system, the policy of distribution of sub-problems to processors is d cidPd by loads of <'i-tch 

processors , and expected communication cost. 

Most of them mentioned above did not consider the cost of communication ver. W<'ll. 

reason is that their assumed environments were parallel rather than clistribut(•(l. Sill<'<' a lot of 

problem of DAI, how ver, are clas ified as search, jobs should lw donP on physically clistributPd 

devices. We must consider more about th co t of communication. V\r will d<"scriiH' our 

motivation again in Section 2.3. 
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2.1.5 other works 

Representing organizati n i.' lH'Crssary to infrr it. OllH' papers han' disniss<'d organi;,ation. 

But most work· lack the reasoning mPchanism for building an appropriatP orga.u izatio u dy­

namically; it would be cousiclC'red anothC'r task by an application programnH'r on a propo�ed 

description framC'work. The following is a brief surY<'Y· 

[Num92] proposed a notation of organization that was ns<'d for d<'sc ribing a protocol lik<' 

the con tract net protocol. Organizations were built by a prognunnH'r. 

[MIT90] propo. eel an approach to build agents basNl on Objrct-ori<'ntrcl conr mTellt pro­

gramming languages. The sy. tem had the notation of a group, which was usrd for multicast. 

They assumed that the boundary of a group denoted the boulldary of the col i <'r<' I L c·y of infor­

mation. From our point of view, it was too strong a requirem nt to finish a job. "'rekly shared 

objects or multi-Yersion objects can not exist in their system. 

As an analogy, relation between DAI systems for mauagen1C'nt snencrs or organization 

theories were captured in [ GRHL89, Fox88, 1\iV92]. Both ern tralizecl/ cleccutraliz<'cl compu tC'r 

systems and human organizations have only bounded rationalities. Costs of communication 

and jobs in human organizations is measured for transaction analysis. But thry did not con­

cern themselves with communication cost in large-scaled distributed systems that wan' rarely 

found in human organizations. Fox da<;sified human/computer orgallizations into soUl<' cat('­

gories [Fox88]. fost primitive structures are a uniform and a hi('r<-uchical. But wt' nm t lti uk 

there are in termcdiate structures between the two structures. inc<' t hC'ir differcun's aff<'ct t h(' 

performance, structures should be characterized by a qua.ntitativr measur<' of conulluuici-ttion 

density. 

At Page 58 of [GRHL89], Gasser rt al. claim that: 

In our view, an organization is a paTticular set of settled and ·unsPitlf'd qw�stzons 

about belief and action thro·ugh which agents 'Uiew otheT agents. Said another way, 

we believe that an organization should not be conceived as a structural r<>lationship 

among a collection of agents or as a set of ext rnally-d fined limita.tious to t hrir 

activities. Instead, ... the way to define organization is to locate the' coucrpt of 

organization in their beliefs. expectatiou . and commitments of agents thrms lves. 
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From our point of Yiew. the unsettled problem that oc-curred most frecpH'ntly e llH'rgc'd from thl' 

uncertainty about the other agC'nts · knowl('dgr or status. a.-; Ta-.;sc'r also said iu th<' sa!lH' pap<'r. 

Thus. tructures among thC'm c·;.u1 not he static even if th<'ir relatio11:-.hip dews uot challp;<'. Aud 

solving the (local) uHcc>rtainty is required at any time: organization chang<'s <'Yer�· t inH'. \Yr 

believe thi. perspective is more natural thau Gasser's intc'rpretatiou in order to captnr<' its 

performance. 

[HG93) investigates the effC'ct of performance 111 fiat/hierarchical structure's. h<'�· illus-

trated the multilevel client-server model. 

2.2 Utility of Communication 

This section describes the role of communication and the mea.sur<' of necessity of conlmnnicatiou 

in the con text. 

In distributed sy stems in 'vhich communication costs cau not be ignorC'd, agents or 1 ro­

grammers should select a communica.tion structure. But there is uncertainty about the statr 

of other agents. Thi. is cau ed by both a limited view of agC'nt. s and the iuhC'rent JH'OJH'rtirs 

of problems. Le. ser called it cooperative control uncerta.intic>s in [Les91 ] . lost. distributed 

programs do not suffer from it. because a communication structure is fixC'cl by a programmer 

to assure the correctness of execution. As a. result, communication is r<'quisit.C' <Ul l its patt<'nt 

is fixed. A DAI system, however. has another kind of communication, naJu e l y  optionaJ ('0111-

munication. The purpose of the optional communication is to share knowlrdg (' that is acquir<'d 

during execution, but is also not required for finishing a job. Thus ;.dl optical cO!lllllllllinLtious 

do not. require multicast. The reasons are the following: 

• Some pieces of knowledge are found in some agents simultanrously. To avoid duplintt< •d 

communication, the range of communication should h<' controll<'d to au appropriate' size'. 

• In some case changing the range of communicatiou docs not affect the cotTc'cturss of 

the program. It changes only the performance of the program. Evc'u if t h<' rcwgr of 

communication changes the quality of the answer, it does not mean that broadca.st is 

the best communication m thod since there would be two agents that cU'<' ind p<'udeut 
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of each other. 

• ew knowledge woulcl makr another Oil<' out of datr. If Hew knowlrclgr is fonud fn'qtH'lltl,\\ 

waiting for new knowleclgr makes anothrr pieces of information ohsolrt<' and n'dncrs the 

communication co.-t without performance detrriora.tion. 

Therefore, if it can he allowed. redncing the communication SII.c to an appropriate stZ<' 

IS desirable on distributed sy'trms. This is a kind of distri l mt <'d consistency uutiutc'tl<l.ll<'<' 

[FL77, GBH87]. 

Now it is required to balanrr the desire to share new knowledge and to k<'<'P commtmicatiou 

costs smalL in other words, to maximize the . atisfiabili ty of communication. \Y<' can arhic'Y<' 

it by introducing the utility of communication. Here thr utility of communication is ddi11Pd as 

the relative benefit of commuuicatioH ag<:unst. it co t. Figurr 2.5 illustrates the rela.tioll hC'twl�<'ll 

communication den ity and the utility. The clotted line shows thr amount of tltr information 

that each agent has after communication. By communicating frequently or widrly, agC'nts can 

hold a. more coherent and global view of other agents. But we can assunH' the amount of 

information is bounded in the domain of distributed problem solving. The solid line shows 

the cost of communication, which is monotonically increasing. Thus the utility clrcreasrs. To 

achieve the ma.ximum communication effect, agent. should he in tbC' shadrd n'p;ioll. Th<' l><•st 

balanced point i. th point that maximizes the utility. A n'ason that I\itcuuuras' algoritl1111 

does not work well with a large cost might be that thry did not introducC' the' idc'a of ntility 

(see section 2.1.4). 

Of course, with this definition, calculating the utility of communication is difficult. IH•cansc· 

it depends on the global state of the system. Agents on distributed systc'ms can uot gC't 

the current status of the environment; th y can only make au incomplete'. partial modd of 

execution. Thus the utility of communication that determines how agents exchang<> infonnatiou 

should be calculated from a. model of local computation. The local model is a history of a part 

of the system that an agent can investigate. 

Now we give uch a model for cooperative search. In a cooperatiYc search, agru ts usC' and 

exchange some pieces of informatiou about the problem in order to n•cluc<' the sra.rch space'. 
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Figure 2.5: balancing utility and cost 
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Since they are acquired dynamically, an agent can not forecast the current valn<' of infonnat.iou1 

that other agents have without communication. But under the assumption of homog<'H<'ity of 

the agents and the continuity of local computation, we can cou.·ickr the distribution of the 

renewal of information of an agent, which is calculated from its history. 'i!i that of anothrr 

agent. Thus the current values of information that other agents have cau be estimated from 

its history locally. This simplification makes building a modc'l Y<'ry rasy. In tbis case', botlt 

the communication costs and the amount of reduced ta.sks due to th<' acqnir<'d iHfonmtt ion 

determine the utility. Therefore in order to decide how to exchange information or uusolY<'d 

sub-problems between agents. an agent can use its partial history as a model of cx<'cutiou. 

Precise knowledge with a poor cooperativr strategy sonwtinws lc'ads to selfish behavior. 

Huberman et al. described such a phrnomcnon on shared object management iu [HH ]. For 

example, let us con ider about a group of searchers. If agents share complet<' knowlc'd�<>, silH"<' 

they have the same knowledge, we can not expect suprr-linrar sperd np t.ltat emerges froru 

the diversity of heterogeneous agents. NK-rnodel [I\:au93] a.s a sdf C'Yolntional system mi�ht i><' 

another example . In the NK-modcl, agents arc automata. At each time, c V<'ry agl'nt change's 

its state corresponding to the input (its environment) that is the states of the fixNl neighbor 

1What we call information here is a object Star called ideal object' or 'map' in [Sta 0]. 
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agents. The change of its sta.tr afft>cts th<' neighborc· at the lH'Xt tick. Thus itnactions amoug 

agents make complex feed-back loop�. This is a model of the interaction among <Utimals. Au<l 

the quality of the. ystem is dt'trrmiuccl by the sum of each agrnts' adaptability. If ag<'llts arr 

very sen itive to thC' changC' of their C'nviroumrnts, thC' cascade of changing h('haviors nut Hot 

top. The. ystcm in a positin' feedback loop could not hr adapted to tlH' situation. Oil thr otlH'r 

hand. the group of very robust agents can not be adaptrd to thr important chang('S iu tltrir 

environments. 1\:auffman claimed that most cvolntional systrms would sPlcct an appropriat(' 

connectivity between agents by evolution itself. Since th<' evolutionality of t h(' I\:-modd is 

corresponding to the adaptability of agents in eli tributed environmC'nts, we think that th(' same 

result would be held in designing the organization of problC'm-solviug agents. Thrrdorr the nd 

utility of communication should not be measured by the amount of information to srucl, but 

the amount of contribution to solving thr problem of the informatiou. A prohkm-dep('Ud<'nt 

measure will be required. 

2.3 Utility-Based Communication Strategy 

In this section we introduce our comnmnication strategy based ou the results of the pr('vious 

discussion. First, we categorize a..xes of communication that can chauge thr utility. Nrxt W(' 

describe our idea and the way to model the agents' enviromurnt. 

2.3.1 three axes of communication 

Now we categorize management methods of communication among agrnts. 1ethods fo r cha.ug-

ing communication costs can be put. into the three categorirs shown in Tahir 2.3. "t\Iost a.p-

proaches in previous works are included in these categories. 

Methods in the first category change communication utility by changing thP nnmhcr of 

Table 2.3: ways to change communication costs 
ax1s control I arametcr 

·pace 

time 

information 

number of receiv r 

frequency of communication 

ab tractness and quantity of i1tfonnatio1t to send 
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H'Cein'r of optional communication . Csually the reduciotion of number of traffic lead:-. to the 

reduction of communication cost. In this case, by reducing tlll' n'<TiYcr. we ntu ('XlH'ct th(' 

reduction of traffic. �Iethocls in the second category changt' the frcqurnc.\· of nou-Ul<Uldatory 

communication. This also reduct's th<' traffic. This approach affC'cts the distribution of decision­

making procedure· or knowledge. The less agents communicate. the more autouomou:-. they 

should be. 

Ones in the third category change the quantity or quality of information to s<'ncl h�· changing 

the level of its abstractne!':is. Highly abstract informatiou require less commttnicaJiou cost to 

send than raw data. Complete or too-detailed information may lead to an erroneous path if the 

information includes errors. On the other hand, agents can not built an rxact model of th ir 

environments from information that is too abstract. Sometimes thrsc lll<'thods arc r<'qnirrd as 

the result of a dynamic change of agents · roles. 11ost studies in 1\IAS b('long to this cat<'�ory. 

Usually agents in MAS can change their roles through distributed planning. Iu 1IAS, the 

computation costs of an organization i of more one rn than th commuuication costs of the 

organization. Sometimes communication costs are ignorf'd in the context of MAS. 

Though the third category has been researched by a uumbcr of researchers, and studies have 

shown the importance of selecting information to exchange , for example [DLC8 7a SD92, LC 8]. 

few strategies that change the form of coop eration dynamically bav(' bern propos< d. 011(' n•aso11 

is the difficulty in the generalization of methods; ways to chang(' t h abstractn<·ss dc'JH'll(l 011 

the problem that the program solves. 

Note that these three axes can also be dfective ways to resolve conflicts i11 planuing. For 

example, [DM91b] cliscu. sed th m in a robot planning cout<·xt. 

2.3.2 controlling communication based on local model 

The strategies proposed in this thesis belong to the first two categories. The rraso11 W<' sel<·d 

these categories is that they lead to communication strategies that are indcpende11 t of prohl<•ms 

to solve. 

If we want to select an appropriate connectivity dynamically, a. we dC'scribed iu t h previ­

ous section, a measure of communi ation utility is requir d. The rf'sult of computation after 
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each communication .hould br usC'cl to d('trnninc th utility. \Yith it. we can calihnl<' thr 

connectivity between agrnt�. Furtlwrmorr. a mrasurr of computation is also r<'quirr<l . Our 

idea i.: 

1. As ·tuning that en'ry agent has identical computational powrr and knm\'ledge to fi nish tlH' 

job, we can considC'r that thC' knowleclgr is uniformly distrihutPd. Thus. if thP distributiou 

of knowledge is known. we can stimatC' thr amount ( dfrct) of informatiou that is gat h<'r('(\ 

by communication. 

2. Now the problem is reduced to how to know th distribution of knowlrdge. Our id<'a is 

to use a history of local computation. If agt>nts ar identical a local history iu cUI ag('n t 

has common attributes in all the agents' histories. This means coop<'rativr computation 

is an ergodic process, which means the the timc-avC'ragC' of a point is t h(' s<Wl<' as t hC' 

space-average at a time in physics. This is just a hypothesis. \Ye 'vill not giv<' its proof 

but experiments will . how its applicability. 

Though this elf-control method can b applicable to thr third category. wp cl< ciclNl to 

use it in the first two categories. This selection is caused by our motivation. vY<' focus on 

the high performance execution of programs on clistribu ted rnviromuents. In ordC'r to achirvr 

good performance, high parallelism is required. Distribut('d prohl<'lll solving with aut oitonwus. 

identical agents is one approach that is available on clistributC'd C'nvironmcnts. Sine ag<'Jtts nut 

perform problem-solving algorithms by thrmselv<'s, we cau rxp<'ct lin<'a.r speed-up from a. group 

of autonomous agents. As thC' result, the nnmber of agents will h<' very hug<' . Rcc<'ut VLSI 

technologies support this vision. But the speed and bandwidth of comtllltHica.t.ioH circllits. 

especially with non-deterministic communication patterns, will 110t he sufticiC'nt. R<'duciug 

communication co ·ts would be the most useful approach. It can be achiC'Y('d by localizi n g 

communication (changing spatial connectivity) or by sending som<' pieces of iufonnation at 

once (changing temporal connectivity). This is the reason we invC'stigatr thr first two cat<'gorirs 

at first. 

Of course we can use same categories simultaneously. But h('rr WC' omit t hP combinatiou of 

the strategies to make the explanation simple. 
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\i\re de cribe more d<:'tail.· of this approach in the next section. '"<' srlect coopPratiY(' sParch 

as a framework. 

2.3.3 comparison to communication in Multi-Agent Sy ten1 

Now we will describf' the diffcrencr brtween DPS and �IA from the commtutication poiut of 

view. It will explain why we choosr DPS problrms for th<' application of our stratcg-il's. 

In DPS, motivation of communication conH'S out as a rrsult of thr cxrcntiou of op<'n1.tors 

(actions ) . Thus each optional communication has a corrrspoucling oprrator. But thr utility of 

utterance is decided dy namically. It is the reason that thr communication stratrgy is n'quir<'d. 

On the other hand, in general. the motivation of communication in IAS ruH'rg<'s bdon' <'X<'­

cution of a plan or during exrcution. Since nttrrance itself is c:ut operator for huildiug a social 

plan or for solving a sub-problem, it is a more dynamic emNg<'nt propNty. And it. is not 

optional communication but compulsory communication. 

Of course, we do not claim that MAS has no optional communication. sine<> DPS is iurlndcd 

m the problem-solving process of MAS [Wer92]. After building a social plan and sharing 

a common goal, agents exchange new information with <'ach otlH'r guided hy the utility of 

communication. Especially, if an agent consists of fine grained internal proc<'ssrs, th<' ag<'nt in 

a MAS will be a group that is consisted of agents that run in a DPS syst<'m. Howl'V<'r tlH'r<' 

is no study on a planner or logic that takes account of thf' utility of comtllllllicatiou. I11 t bis 

paper, we focus on the strategy itself. But by cml edding it into a logic for cOO]H'nttioll, our 

proposing strategy can be combined into multi-agent planners naturally. 

2.4 Summary 

The following is a summary of this chapter. 

• In DAI, some communications among agents are optional. 

• For getting better performance, we must maximize the utility of conuunuication. 

• There are three ways to change the total utility of comm1mications. 
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• Communication strategies based on changing thr number of rrcrinTs and changing the 

frequency. and exprrially how to sekct thf'm dynamically. has not l><'t'll propos<'d iu 

preYious works. 

• \Ve proposr an e ·timation mrthod of commtmicatiou utility. It uses a history of lond 

computation. 



Chapter 3 

Communication Strategies for 

Cooperative Search 

In this chapter, we propose some communication strategies for cooperative search. As llH'll­

tioned in the previous section, cooperatin' search is a fundamental probl('m of clistrilmtrcl 

problem solving. First we build a model of cooperative . E'ardt. Second, ""<' propose some ex­

pectation methods basE'd on the utility of communication. Thry ])('long to spatial and t<•mporal 

categories presented in the previous ·hapter. Finally we build some c:oncrrte commuuicatiou 

strategies. 

3.1 A Model of Cooperative Search 

In this section, we build a model of performance of cooperative. rarch on distributed rm·iron­

ments. It will show the importancE' of optional communication in distribut.rd <'nviroumeuts. 

First, we must define bases for our cliscu. sion. The problrm we ns<' h n' is a coop('rativ<' 

search based on autonomous agents with the branch-ancl-bonncl method on clistributc•d ruvi­

ronments. The branch-and-bound methods is the well-known rffeci<'nt nwthod of s<'arch. It is 

also suitable for parallization. \t\ ith it, each agent searches the brst answ<'r that satisfi<•s pn•d('­

fined constraints in a search space simultaneously. Each agent can finish this task by its<'lf; tlt<' 

task need not be decomposed into some distributE'cl subtasks. In othrr words, commuaica.tions 

between agents are optional. Since th search space expands from au initial point during tltC' 

execution, we can not forecast the total search time or total number of expansion. And. though 

29 
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thi i not a crucial conditiOIL agcnh cx<·cutC' an abouid<'utical program. Inn• th1',\' anp1ir<' 

knowledge about an ans"-<'r during execution. identical program dors not mean tint th<'.Y han• 

the same knowledge and pron·ssing power. 

\iYe assume the iuformatiou to send is a kind of t ltrC'sltold, which is an one-dimensional 

measure of goodnrss of partial ansvwrs. En'ry agent can unckrstand a!l(l use it. The goodn<'ss 

of information i.· totally ordered. Two Yalnes t1 and t'2 nm hC' ('Ombin<'d iuto Oil\'. cltoos-

ing min(t1.t'2)(or ma.'C(tJ,T2)) and discarding the other. Thus th<' \'cUll<' dC's('l'C'S<'S (inncascs) 

monotonously during its execution. 

Since all agents know the goal of sy tem and it is not conflict with each age11t's goal: th<'y 

are identical. 

3.1.1 performance of cooperative search 

First, we build an execution model of cooperative search with a . fi :u:d corn:rn:u:nication 8tnr.tf'qy 

or fixed strategy in short. 

By above assumption , each agent expands the nodes or s·nbproblern_c; in a stat<' graph and 

cut some amount of the search space according exchanged threshold. They itC'ratc th<' job uutil 

no unexpauded node remains (sec Figure 3.1). Thus the size of unscarchecl spacr 51 at strp t 

is described as: 

51= (1-k(n))(St-1-1\'p), 

where N is the number of agents. pis the searched spacr by an ag<'nt at thC' stc•p, k( 11) is tll<' 

space cut with the best hint that is exchanged by n agents and thr whole search space' at th<' 

initial s tate : So i normalized to 1. Because we assume ageuts arr homogc•uc•ous coucc•miug 

average speed, p is identical for all agents. 

Exhau tiYe search terminate. at step r such that 51• = 0. Thus t"' 1 econws: 

1 ( (1-k(n)) p ) ---------- log . 
log(1- k(n)) 1-(1- Np)(1-k(n)) 

Since the time to execute one step is the sum of the time of a single computa.tiou ancl th<' timr 

to communicate n members T( n ) . total execution time: T will be: 

• 1+T(n) ( (1-k(n))IVp ) 
T=(1+T(n))t =

log(1-k( n ))
log 1-(1-Np)(1-k(n)) ' ( 3.1) 
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Figure 3.1: rC'duction of SC'arch space 

The hatched region shows expanded nodes. Th grayed regiou is cut spa('(. The rest 
space becomes whole space in the next time step: t + 1. YVc assnnH' tlH' grayf'd region is 

larger than hatched rcgion. 
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Figure 3.2: effects of cooperation 

The number of agents is 1000. pis 0.000001. Cooperation pffcd: Td 11 ) is nt /( 11 + 1) 

in this graph. The larger cooperation effect becomes, th largC'r tllf' change's of total t imC' 
lS. 

where we use the computation time as the unit of time. 
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Figure 3.2. 3.3 and 3.-! show <'Xprdecl total tinw agaiust commuuicatio11 co�t function. 11<' 

larger the order or the factor of thr communication cost. O(I;.(n)) i�. tlt<' mon· sharp tlt<· peak 

i. and the narrower the good colllmnuication rangt' lwnHlH's. Thc ditfen·11n' of tim<' i� onl�· 

lo/c. 

3.1.2 estimated search speed 

vVe must now give agents a clrcisiou fnnctiou to srlrct communication costs ln.s<'cl 011 a history 

of updating the information. It uses a simple idea. vYe think each strp of a distrihntrd problem 

solving task consists of (local) computation and inter-nodr comm1.mication. Th<'�' tak<' some 

periods. If we can estimate their utility, we get the following measurrment of rompntatioual 

speed on distributed systems: 

goodtH'ss-of-rompu tat ion + gooclness-of-communicatiou 

computation-time+ rommunication-timr 
(3.2) 

The optimal execution of a eli. tributecl program is the our which maximizrs the ahoYc trnn. 

Thus if an agent can determine performance properties of thr c>xecntion euvironmrnt aud thr 

utilities above with their local hi.-tory. it ran manage its communication cost. lld by chaugi11g 

the form of communication. the expected utility of comnwnication will 1><' lllaximizC'd. Thr 

selected form would not be optimal but probabilistically optimal. 

In cooperative search. exchanged information con.-ists of hints, subprohlC'ms. the· <'stimakd 

value of a heuristic evaluation function or anything that rC'dnces thr amo11nt of th<' job a.ud 

is found during execution. In the following evaluation, we usr tlw strategy to <·xdtaHg<· hints 

themselves. In thi case, we can simplify Equation 3.2 as: 

amount-of-expansion+ amount-of-cutted-spacC' 

computation-time + communication-time 

Finally, by regulating, it is reduced as: 

1 + amount-of-branching 

1 +communication-time 

1 + O(value-of-thrrshold) 

1 + commuuiration-timr 

(3.3) 

(.3.4) 

The strategy of exchanging subproblems in a distributrd A"' srarch will hC' describ('d la.tC'r. 
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Figure 3.3: effect of comm uuication fnnrt ion ( 1) 

In this picture, communication cost function is nd, where 11 is the nmuber of agent 

(1000). The value of d changes the peak point. Cooperation effect is fixed to 0.000111/(n + 

1) in this picture. The value of /1 in Figure 3.4 is ten times a.s large a.s one in Figur 3.3. 
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Figure 3.4: effect of communication function(2) 

Cooperation effect is 0.001nj(n + 1). Other parameters are same a.s Fignr<' 3.3. 
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3.1.3 quality of the estimation 

• ow. we give the quality of this estimation method. 

Assuming Sp. k(n) << 1. which means thr srarch takes a loug tim<'. T of qnation 3.1 

becomes: 

T� 
1+T(11)

. _Yp + k( II ) 
(3.0) 

This is a first-ordf'r estimation of the optimal f'xecntion that maximiz<'s t h<' utility of cOllllll\1-

nication. 

We now analysis the peak point of Equation (3.5). First, wr rrducr k(n) to n n/ (n + 1). 

This term can be acquired by the following calculation. Let .r E [1/ X ... _Yj X] lw t h<' possihk 

value of information, and its probability p(.r) be 1/S. The dfect of communicatiou <'Ulloug 11 

agents can be considered as getting the ma..xinmm value after 11 tricus: 

( ·) _ .n ( · · 1/ 7\ r)n Pn .1 - J.: - .1 - i'l 

Thus the expectation of p11(.r) . E[p(n)] becomes: 

I 1 

E[p(n)] L J"Pn (.r) = L x(.-z:n- (.r- 1/ Nt) 
J:=I/N 

I 
L .rn+l 

2·=L/N 

x=I/N 
I 

L (.r- 1/Nt+1 
x=l/N 

1 
(N-1)/ 

1-- L .rn 
x=l/ 

1 I 

r L (.r- 1/N)" 
x=l/ 

Now we assume N is very large (N--+ ). This means the approximation of tll<' above <'<ptation 

can be written with an integral form as the following: 

S = 1- Eb;(.r)] � ( u r 
+ 

u r 
+ ... 

+ ( � )") 

< 
J

. ' l"dl· = 
[::�]: 11 � 1 

At the same time, we get the following equation: 

S+- -
1 ( .\ ) 11 

N N 
> 1.1 l·nd.r = 

[ 

.l' n+ l ll 

11 + 1 0 

1 
n + 1 
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Combining these two C>quations, W<' gd: 

1 1 1 
-- - ---: < s < -- . 
11 + 1 4\ - - T! + 1 

VVith N-+ oo, finally WC' get S = 1/(n + 1) and the following result: 

1 II 
E[JJn(.r)] = 1- S = 1- -- = --. 

n+1 n+1 

In this case, E[p1 (.r)] is 1/2. Thus we get the following formula: 

2n 
E UJn (.I")] -- E UJ l (.I')]. 

n+1 
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(3.6) 

Second, we assume Np + k(n) I"'V k(n) = o.nj(n + 1). Thus we get t.he following <'quatiou: 

T-
(n+1)

( T( )) - 1 + c 11 0 
1l 

By differentiating, vve get the following equation: 

Tl 

Therefore the peak poiu t locates at 11 such that: 

-1 n+1 1 
-2 (1 + Tc(n )) + --Tc(n) 

-1 
-(1 + Tc.(ll )) + (n + 1)T/(n) 

n 1l 11 

0 

This means that n must satisfy the following equation: 

r;(n) 
1+Tc(n) 

1 
n(n + 1) · 

On the other hand, Equation 3.2 can be rewritten as: 

1+ak c(n) 

1 + Tc(n) 

1+an/(n+1) 

1 + Tc(n) 

rY.n/(n+1) 
1 + Tc(ll) . 

where we use the previous as umption: 1 < C\1. Then peak point lH'comrs: 

By rewriting it, we get: 

o nm 1 

( ) 
2 ( 1 + Tc ( n ) ) - --Tr ( n ) = 0. 

11 + 1 71 + 1 

T�( n ) _ 1 

1 + Tc ( n ) - n ( n + 1) · 

(3.1) 

Therefore these equations have the peak point at the same n. V\e can usC> the t('rlll 3.2 as 

a good measure of computation utility. 
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3.2 Range Control Strategy 

Based on the re ult of the pr t'Y ions section, WP now gin' somc> strategir �. Th<' first �tratq�y. 

the range control stratf'gy. manages thC' cost of commuuication by changing th<' Illllllh<'r of 

receiYers. It chang<'s spatial connrctiYity of ageuts. This strategy ass11mc>s changing th<> ntunlwr 

of receivers affects the communication cost. And \Ye us<' function 11 j (n + 1) as tlw <'Xp<cted 

value of information gathered from 11 agents. This mC'aus that the quality of the rc'Il<'wal of 

information is uniformly distributed. Since this function has cUI npp<'r boundary. th<· sp<'<'d of 

an agent has a peak if the communication cost function is at least a monotonously incn•asing 

function. 

Figure 3.5 shows the control flow of this strat egy. 

Execute the followings after every unit computation: 

1. Evaluate thr renewal rate of the last val ur of information .r and the 

CUlT nt valu , 

2. store it into the agent's history (vector), 

3. Evaluate E[pn(.r)] and the speed (term 3.4) based 011 the history. 

Select 11 that maximizr thr speed. 

4. If 1 < 11 and the information is upd ated in the this st.<'p. s<'nd it to 11 

neighbors. 

Figure 3.5: control flow of range control strategy 

3.2.1 two spatial structures: flat and hierarchical 

This strategy is applicable to two topologies: flat structures and hierarchical Oll<'S, as shown iu 

Figure 3.6. 

In hierarchical structures, agents make some clusters. An agent sC'arches in a fixc ·d p<'riod, 

then collects some pieces of information with one-to-one communication from a clust<·r and 

sends back the combined information to the member of thr clnst<'r. Th<' ag<'nts collectiug 

information are shown a . haded nodes in Figure 3.6. Solid arrows iu the figur<' show <'Xchang s 
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F igure 3.6: two spatial . trnctures 
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n=9 

n=9 

of information in a duster. and da.shed arrovvs show· possible inter-duster commtlllications 

among information collectors. The other members in a cluster commtmicat<' only with the 

collector. If the size of communication range n becomes larger, dusters should grow and the 

number of them decreases. sing hierarchical communication structnrrs will reduce the tlmnher 

of communication from 0( n2) on fiat structures to 0( n ) . In this case, hierarchical structun's 

will be better than fiat ones. 

3.2.2 phase transition between two spatial structures 

Th following mathematical analysis shows the existence of phase transition brtw<'eJL flrt t struc-

tures and heterogeneous hierarchical ones. For simplicity we assume agruts us<' Oll<'-1 o-<HL<' 

communication; the co. t of multicast between n agents is O(n ) . The processing sp<'<'d of both 

structures communicating n agents becomes: 

1+/t(n) 

1+l(n-1) 

n 1+k(n) 

n+1 1+l 

where k or the cooperation effect is the factor of the quality of cooperation ])('tWe<'u 11 ag<'uts 

k(n) = kn/(n + 1), and l is the communication cost at one-to-one communication. Th<' cooJwr­

ation effect depeHds on the distribution of the value of new information. The pha.sr tra.usitiou 

at which two strategies han: the same speed occurs at the following 111: 

n1=1+)2+ � >2. ( 3. ) 
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k: coopration effect, 1: communication cost 

(a) 

comm. cost 

. --· ·-······-·· 

0.1 
A (no communication)..--· ·" 

.... ··· 

0.01 0.1 10 
cooperation effect 

(b) 

Figure 3.7: pha.sc transition betwreu strategirs 

And by differentiating the term (1 + k(n))/(1 + l(n- 1)), the max speed of fiat structurC's is 

at the following n2: 

-l + .jz2 - (k + 1)l( -k + l + kl) 
n2 = 

(I>+ 1 )l 
(3.9) 
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req->reject 
req->accept 

Figure 3.8: protocol for changing structure 
Each agent has three states(cluster-lca£, duster-head, anc l u on-dustcr ) . Aucl th rc· ar(' 

three kind of messages to chang strncture(req, reject.. accep t ) . For cxampl< ' , if a.n a.g<·ut 
at non-cluster state receives reg m ssagc, the agent sends accep t message hack and moY< s 
to cluster-head state. 
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Figure 3.7 shows the result. In Figure 3.7 (a), Equatiou (3.8) draws a smooth surfacc. and 

Equation (3.9) forms a surface with a peak. The cross lines of surfaces in Fignrc 3.7 (a.) arc 

shown in Figure 3. 7 (b) from another view; the intersectiou of both surfacrs forms a dott('cl 

line. Figure 3. 7 (b) also shows the boundary in which communication has a posit.iv<' utility a.':i 

a solid line. Th se surfaces divide the k-l surface into three rcgious. In tlw figure. R egi on A 

requires no communication, B ( n1 > 1) should use a fiat ·tru ·turc and C ( 11'2 > 111 ) requir<'s a 

hierarchical structure. Thus both communication stru turcs arc required if th<' <·ounuuuicatioll 

co t or the distribution of the iuformation varies. Usually the coop ration effect cha.ugc·s dmi11g 

the execution as the job proceeds. Furthermore the communication cost also chang('S in som<' 

cases, like problem solving with mobile robots. Agents must scl('ct au appropriate structur<' 

and their roles during the execution. 

3.2.3 structure changing protocol 

We can extend the range control strategy to a communication str-ucture .sdectinq ,.;tmtPgy. 

It selects a proper structure based on expected communication co.-ts at very stc'p. If agents 

find that a hierarchical structure is better than a fiat one, ·om of them b('COllH' information 
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Figure 3.9: effect of broadcast frNJ.UC'ncy 
Broadcast is done after D time local computations. 

collectors, and others communicate with one of the collectors. 

100 

An information collector manages tlw size of a group or a dustrr aft.rr rlnstrring .  This 

strategy creates hierarchical structures autonomously. If the reorganizing cost is low, t hr 

structure selecting strategy is better than the range coutrol stratrgy. 

Furthermore, if the information collection becomes a bottle IH'ck ow·c' mcm• l><'crtns<' of t h<' 

increase of the size of the clu. ter, making srcond lcvrl clustNs migh t br rC'qnir<'d. Though 

we have not implemented the strategy on multi-clu t r structures, a multi l<'vel ltiC'ra.rchical 

system seems rational if the system is confronted to a problem with large uucrrtainty [Sim81] . 

Complex social organization should emerge out of necessity. 

3.3 Frequency Control Strategy 

As well as the range, the frequency of multicast affects the prrformauc<' of the system. 

Frequency control strategy changes the rate of the update of information ( sr Figurr 3. 9). 

Namely you should communicate in the frequecy f that maximizes the following utility: 



3.3. Frequency Control Strategy 

m 
rest space Sed 

three times expansi or 

Figure 3.10: reduction of SC'arch sparr with frC'qtH'll<")' control 

The hatched region shows expanckcl nodes. The grayed region is cut spac{'. Th rest 
space becomes whole space in the next timc st p: t + 1. \\"c assume the gra�'c'd rq?;ion is 
larger than hatch d region. 

f x amount-of-computation +effect-of-communi ·a.tion(f) 

f x computation-cost+ commuuication-cost 

41 

(3.10) 

If the information increases monotonously, we can defer t hr commt.micatiou natil accumu-

lated updates are worth exchanging. On the other hand, some amounts of tlw amount-of-

computation is useless effect if an agent ha.s the best information at the timr. Thr amount 

of the useless computation increases monotonically. V\Tr can deciclP thr n•al ;unonnt of com-

putation by a history. In this tratcgy. in order to calculate the utility of commnJiinttion, W<' 

can use a similar model of computation to the one in tlw range control strategy J > t.< 's<' l lt<'d 

above. While this strategy extrapolates the value of the b<:'st information found in 11 ag<•nt.s, 

the frequency control strategy extrapolates the value in thr wholC' systrm or a clnstrr aft.er f 

local computation steps. Using a similar model u. eel abovr, wr hav<' <'valua.t<·d the qmtlity of 

this strategy. It gives a good e timation of the fr<:'quency when thr sra.rch tak{'s a long time. 

While agents in the range control impl mcntatious arc homogeneous awl f'ach of thrm 

decides the range of multicast by itself, in the current implrmeutation of the frrq urucy control 

strategy, a unique agent decides the timing of broadcasting of all agents iu thr syst<'lll. It is 

possible to implement another strategy in which each ag nt selects its frequf'ncy. 

Now we make more exact model of the {'ffect of conununication fr qurncy in coo1wrativ 
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search (see Figure 3.10). Thr pnrposr of broadcast to f'x:rhangr latest thresholds with <'ach 

other is reducing tlH' srarch spac<' by brttrr thrrshold Yalnc. TlH'rdore W<' should distiugnish 

the reducing factor by t hrrshold that is found iu local nni t search from t h<' onr that is got 

from broadcast. The following equation that is used in the range control strategy: 511+1 = 

(1- kc(m))(Sn- nLYp) should be modified as 

(3.11) 

where kb ( m) is the effect of broadcast after m local search period and R rq>rcseuts a. r<'nusiY<' 

relation that is defined as the following : 

R�. ( f ( 1· ) , .ro ) 

R: ( f ( .r ) .. ro ) 

f (.ro ) 

R 11- 1 ( f ( f ( .r ) ) , .r 0 ) ) . 

By solving Rx, we get the following: 

By solving about 511, we get the following equation: 

sm = _\"n (1 + �) - __!!___ n A-1 A-1' 

where the auxiliary variables are: 

111 Np 
Y = (1- kb(m)) ((1- kr(1)t'- 1) A·('(1). 

And the number of iteration C such that 5� = 0 is: 

Thus the consumed time Tm is: 

C'= -- lo . 
1 ( y ) 

log X 
g 

X+ Y- 1 

1 y 
))C = ( m + Tc( ))

log X 
log 

X+ 1' - 1 (3.13) 
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Figure 3.11: effect of multicast frequency 

where Tc(N) is time to broadcast among N agents. 
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We can now estimate the total consumed time against the frequeucy of communication. 

First, We expect kb( m ) > kc (1) , since tlw distribution aftrr 111 time local computations is 

larger than one after m time computation-and-communication steps. For ex;-unplc W<' <"<l.ll us<' 

kc(m) = mkc(1) as kb(m). And we a'isume that kc(l) > p again. V\7ith these cst.ima.tious of 

and Tc(m), agents can estimate the time against broadcasting frequency. 

Figure 3.11 shows the graph of Equation 3.13 with some parameters. In any cases, expPct eel 

time is converge to a fixed time. when they are isolated, namely 1/frequrncy --+ 

The best frequency of multicast at which the consumecl time is minimized chang<'s from 

one to infinity. The change of consumed time is also very large. TlH'refore fixing t h<' fr<'<pt<'ncy 

is not rational. Dynamic balancing is required. 

Since the parameters like kb( m ) and kr( m) change during execution. it is clifficnlt to forf'cast 

the exact time to finish sear h by using this model. This estimation, howevrr, is usdnl for 

building estimation methods. 
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F igure 3.12: the effect of th heterogeneity of agents 

Each agent is assigned 100 if raudom(.r) = 0, otherwise 0. Coummuicatiou cost is 0.1(·, 

0.01c or O. l ln(c), where cis the number of packets sent in a step. The sizes arc averag<' 
values after 20 steps of 100 simulations. 

3.4 History-Based Estimation of Parameters 

In this section, we give an estimation method of ·ome parameters for building a mocl<'l of au 

environment. As described in the previous section, we usr an updatr history of a local variahlr. 

This approach has the follO\ving merits. 

1. The process of maximizing the utility of communication consists of two st<·ps: <"oll(·ct iug 

information and estimating th<:> utility with the collected iufonnatiou. �laking a history 

is a collecting method that require. only cheap computation cost. 

2. No additional commtmication is required. This locality in makiug a model is d<·sin·d iu 

distributed systems. Furthermore, if mandatory conuuunication is requirPcl for pc•rform-

ing the job, agents can exchang their histories as additional information. In this way. 

agents can escape from complete isolation and can deal with h<'t rogeueous <'nviroum('nts. 

Now we show the adaptability of this strategy usmg a simple game. In this gam<•. <'etch 

agent gets either a fixed positin• number (100) a a profit or zero as no n·sult at <'V<'ry step 
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according to the following function: 

Yalur = { 10� if random(.r) = 0 
if raudom(.r) E [1 ... r- 1]. 
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where random(.r) returns a random integer iu [0, .r - 1]. Each agrnt storrs th< r<'sult in its 

hi tory memory and exchanges it with otlH'rs in order to share thr h<>st profit. If thr possibility 

of getting a profit is large. uamrly .r is small, the utility of communication lH'conH's low .. -\t 

the same time. if agents merrly get a positive profit, th<' utility also beconH's low. In tiH'S<' 

two cases, the heterogcueity of distribution of information is small, "·hich m<'<-Uts tlH' raugr 

of communication should be small. If .r and the communication cost arr fixed, t hr siz<' of 

the communication range conn'rges after some iteration. And W<' can changr tlH' utility of 

communication by changing n. Figure 3.12 shows the result. Hen' communicatiou cost is 0.1c, 

0.01c, or 0.1ln(c), when' cis the number of packets sent iu a ."trp. The size.' are anTag<' \'alli<'S 

after 20 steps of 100 simulations. \Ve can find a peak size at .r 
= 20 rv 30. Th<' size at t h<' 

peak is affected by communicatio n costs. This result shows that the strategy selects a proper 

connectivity of agents. 

We can check its quality of the size of the range by the following analysis. The lH'ak point 

should maximize the following term: 

1- (1- 1/N)11 

Tp +Tc 

By differentiating by n. we \Vill get the curve in th graph. 

a 1-(1-1/N)n 
-a max 

T T 
= 0 

n n p + c 

(3.14) 

(3.15) 

Now we assume the communication cost is linear. This assumptio11 is alrc'acly ttsC'd in the 

previous simulation . Then we get the following equation: 

n � 
2 {A ± v .'i -r N' 

ex 2 where A= ( 
N ( / 

r
)

) . 
log 1 - 1 

(3.1G) 

(3.17) 
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Figure 3.13: estimated curve 

By using the relation: log( 1 + .t ) rv .r if .r becomes large, 

Arv(1-n)2 

thus, the optimal n becomes: 

N{ 2 v 2 4n n=2 (1-n) ± (1-n) +-r 

Thus the graph should have the following curve: 

8n 
8p 

(3.1 ) 

(3.19) 

Figure 3.13 shows an average curve with a communication cost function O.OCH.r. lw size 

at probability 50 and 100 is 2. 76 and 1. 94 re pectively. If we assume an rstimating function 

should be Ax-0 5 + B, A and B become 19.8 and -0.04. It matchC's for <'Xp<'rimcntal data W<'ll. 

Remember the length of each agent's history is 10. 

This figure also shows the average number of useless communication prr node. Here 'us<'l(•ss 

communication' mean receiving a number not bigger than its own profit. Through whole 



3.5. Structure of an Agent 47 

probabilitie , it is lightly �mallPr than 1. Tlw Humbrr bigger rhan 1 llH'au� on'rsruding. 

Likewise a too small Yah.H' lets agents not coopcratin'. Agents r�q)('ct tlw distribution of profi.t 

well. 

\Ve can conclude this histor�·-hased estimation method cau build a model of th<' cnYiroHHH'IIt 

(the probability of information occurrencr) even if the length of the history mrmor�· of each 

agent is short for representing the probability exactly. 

Here we should note the applicability of this hi .. tory-ba.�rcl self modrling HH'tho<l. In prin­

ciple, each agent requires the model of the . urrounding cnvironmeut in D I/�IA . nt siun' 

they shared some properties, an agent's behaviors r fleet the other ag<'nts' onrs. Th<'y arr 

summarized as: 

1. The Goal is shared amoug all agents. It is given by a programmrr or ct..'i a rrsult of analysis 

of the pecification of a give11 problem. 

2. An information i renevved during execution. Even if agrnts arc identical at th<' start 

time, its uniformity breaks down after some local computations. 

3. Every agent knows that the goal is shared by all agents. This is a main motiYation to 

exchange the information acquired dynamically. 

4. Agents believe that the others have the ame rationality or intelligence as thrmsdvcs. This 

assumption reduces the complexity of the worlrl.. And without it, ag<'ut ntu uot <'stimat<' 

the utility of his behavior because of its uncertainty. 

Communication strategy will be adapted to problems that have thrsE' req ni n'mrn l s. Th<'se 

requirements remember the required rationality in non zero-sum gamrs [RGG86, RB89 ] . Actu­

ally, we can think that hi. tory-based estimation makes a game matrix wherr a possible' actions 

are one of communicating nobody, communicating one communicatiug two, aml so on (sc<' 

Figure 3.14). Homogeneity helps estimating the gains of other agc•nts. 

3.5 Structure of an Agent 

In this section, w describe the structure of agents that in based on our estimation mod<'l. 
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---- agent2 
agentl � 

gain matrix 

statel, action! 

statal, actionl gainlll/gainll2 

state!, action2 gain121/gainl22 
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corrununication profit 

smallest 
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Figure 3.14: making game-matrix from local history 

Usually a gain matrix shows the profits of N agents when they do (actioul, a.ction2, 

action ), where the matrix is N -dimensional. In this ca&e, since WC' cau not Pxpect 
the current states of other agents, profits should be assigned to tuples of their state awl 

their action. Our estimation method based on local compntatiou history makes it as a 

symetric matrix, since we assume all agents have th samf' value-distribution. As a rf'snlt 
we can ignore th stat of a ·h agent. Furthermore, wc> assume every agent acts iu th' 

same manner, N dimensional matrix is recluc cl to a v ctor against th ·ir connectivity. A 

local goal does not conflict with the global or other's goal. 

In this framework, an agent consists of the following t.hr<'c components. 
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Figure 3.15: structure of searchiug <tgcnt 

problem solving module 
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Description of algorithm for solving a problem. This 1s given by prohlrm-solYiug pro-

grammer. 

model of environments 

A data as a model of agent's enYironment. It depends on th<' strategy for cooprratiou in 

the agent. 

communication management module 

Code for changing communication utility. It consists of commnnicatiou st.rat<'f!S a.U<l a 

mechanism to change the way of communication. 

To separate each other and from our point of view1 probl<>m solving module nH n·ly iudud<· 

codes for cooperation among agents. This is invoked from t h<> probl<>m solviug moclnl<·. 

Figure 3.15 shows the relation betwe<>n modules. Communication maHagrnH'llt moclnl<·s 

are independent of algorithms of problem solving modules. Two modules in au ag<•nt iut<>ract 

through the model. At each step of the execution of the problem solving module and r<>c<>iving 

information from other. , current information changes the model. With t h<> mode 1 and t hC' 
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communication cost function. the conuuunication management modnh' maxilllll.l' rh<' tl nu 

(3.2) under the assumption of thrir homogrnrity. 

\Ve want to kerp thr modularity in its implrmrntation 'lS possible. TI�· se pa ratiug modul<'s 

and making general iuterfacr bctweru thr moclulrs. com1nnuicatiou maiutg<'Hll'nt module and 

model could be rrusable. It will br a hrlp for both DAI re.-carchcrs who make ll<'W cOOJ.H'l'ativr 

strategies and usual programmrr who waut to makr fast programs on a clistrihutl'(i ('llYironJlll'llt. 

From the view of oftware t'nginerring, abovr srparation is not snfficiPut. Couunuuica tiou 

management module included both parts that rrquired moclifica.tious for each stratq�y awl not. 

The former part should be treat as a component for reuse. If we recall it a.· a framework. a.gents 

now consist of a framevvork (the genrral structure of communication managl'IlH'llt moclul<'), a 

strategy that cau be selected by a programmer freely. and a problrm solving module. \V<' will 

describe such an implementation in Srction 6. 

3.6 Summary 

Here i. the summary of this chapter. 

1. A model of cooprrative search shows the necessity of a communicatiou stratrgy. pro-

grammer can not decide the best communicatiou topology hdorr t h<' ('X<'Cll tion of a 

program. 

2. We proposed two stratcgie · .  One is changing th uumb<>r of rrcriver. The' oth<'r chaiJgc's 

frequency of commuuication. By changiug omm unica.tion cost, thry maximize t h<' 11 t ili ty 

of communication. 

3. Mathematical analysis shows the nrce. sity of a phase trausition brtween fta,t strncttU'('S 

and hierarchical structures. 

4. Both strategies achieve good estimation if the search spacr is hng<". 

5. We use a hi tory based model of execution. It can hold reiH'wn.l rate of iufonna.tiou. his 

method require only mall computation cost and small mrmory uuclC'r the assumption 

of homogeneity of agents. 
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6. From our Yiew point.an agent consists of threr C'OlllJ>OlH'nts. n�· making a d<'ar interfac<' 

between them, we can built an agrnt with brttrr modularity. 



52 Co1nn1unication Strategie for Cooperative Search 


