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Abstract 

Distribiit,ed Problem Solving (DPS) is concerned with a group of agents, each with 
only local views, that cooperate and coordinate to solve a given problem in a coher- 
ent and efficient manner. As networked computer systems and practical concurrcnt 
processing architectures develop, DPS research has seen increasing realization in real 
world problems. As opposed to using sophisticated agents in problem solving, DPS 
approaches based on simple reactive agents have received growing interest. These 
reactive agents are simple in the sense that they do not have representations of bheir 
environments and they act by stimulus and response. They are embedded in the 
environment and follow simple pat.terns of behavior that can be easily programmed. 
Generating sophisticated group behavior from coordination and integration of activ- 
it,ies of simple individuals has potentially great significance. 

This thesis presents DPS approaches based on reactive agents, and applied to sc,hedul- 
ing in t h e  domain of manufacturing job shops. In general, scheduling deals with orga- 
niz.ing possibly related activities over time and limited resources. Scheduling problems 
occur in many domains, such as manufacturing, transportation, computer processing, 
coInmunicat,ion, services, health care, education, etc. Distributed scheduling typically 
is concerned with coordination among resources over processing of relat,ed act,ivities in 
environments where knowledge and control distribution are desired. The objective of 
this work is t,he problem solving efficacy of reactive agents in terms of computat~ional 
cost and solution quality. Our thesis is that multi-agent coordination kchniques can 
provide substantial gains in terms of problem solving efficiency and solution quality. 

The main contributions of this research are t,he coordination schemes and the DPS 
techniques implemented in the two effective multiagent scheduling systems: CORA 
and COFCAST. In addition, CORA and COFCAST are shown to provide equivalent 
ur  superior performance to competing centralized scheduling techniques, and t,liere- 
fore. enrich viable approaches t,o scheduling problems. In a broader view, this work 
supplements DPS research with innovative approaches to tightly coupled problems 
a.nd successful demonstration of competitive performance. This work also provides 
an essential component for larger-scaled DPS research in manufacturing nlanagemcnt 
and c.ontro1. 
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Chapter 1 

Introduction 

Distributed Problem Solving (DPS) stemmed from necessity in problems that involved 

geographical and data distribution coupled with processing and communication band- 

width limitations, such as air traffic control [McArthur, Steeb & Cammarata 19P2] 

[Canimarat.a, hlcAtthur & Steeb 19833 and vehicle monitoring [Lesser & Corkill 19831. 

Informally, a, DPS system consists of a group of agents, each with only local views: 

that cooperate and coordinate to solve a given problem in a coherent and efficient 

rnanucr. As networked computer systems and practical concurrent processing arrhi- 

tectures develop, DPS has found its way into more and more domains, such as design 

[hckla,nd: Dickinsonl Ensor, Gabbe &- Kollaritch 19853 [Bond 19891, flexible manufac- 

turing systems [Parunak 19871 (O’Hare 19901, office information systems [Mukhopad- 

hyay. Stcphens, Huhns &- Bonnel 19861 [Yirenburg 6i Lesser 19881 [Pan k Tenenhaiim 

19911, communicat,ion network management [Ishida 19891 [Sugawara 19901, electric 

power system control [Kobayashi 1992) [Jenning, Corera gS Laresgoit,i 19951, mcdi- 

cal diagnosis [Gomez Si Chandrasekaran 19811, and comput,er vision [Lane, Chantler, 

Robertson k Mc-Fadzean 19891, etc. These successful applications havc attest.ed t,o 

the ixreasing realization of DPS research in real world problems. DPS approaches 

arc cspecially of interest in environments that are complex, dynamic, and distributed, 

such as manufacturing. They also benefit, from the advantages that distrihiited and 

concurrent processing provide, such as increases of reliability, reactivity, rmodula.rity. 

capability, and integrat,ion of existing systems. 



2 In t roduc t ion  

Much of DPS research has iisrd c.omplex agent,s in problem solving, where agents 

have a. symbolic and explicit representation of their environments arid can rcason 

a.hont possible actions to achieve explicit goals [Huhns 19871 [Gasser 6i IIuhns 19891. 

On the other hand, DPS approaches based on simple reactive agents have reccivcd 

growing interest [Agre X d  Chapman 19871 [Steels 19891 [Demazeau & M u I I ~ T  I Y Y O ] .  

Thcse reactive agents are simple in t h e  sense that, they do not have represent,ations of 

their cnvironments and they act by stimulus and response. They are embedded in the 

environment and follow simple patterns of behavior that can he-easily programmed. 

Most of this rescarch draws on a social insect metaphor, where characteristics such as 

functional decomposition, task division, and effective coordination based on simple 

flows of information [Holldobler & Wilson 19901 are utilized in syst,em design. Gem 

erating sophisticated group behavior from coordination and integration of activities 

of simplc individuals has potentially great significance. 

This thesis prcsent,s DPS approaches based on reactive agents, and applied to 

srliedulirig in t h e  domain of manufacturing job shops. In general, scheduling deals 

with organizing possibly related activities over time and limit,ed resources. Schedul- 

ing problems occur in many domains such as manufacturing, transportation, com- 

puter processing, communication, services, health care, education, etc. Distribuled 

scheduling typically is concerned wit,h coordination among resources over processing 

of related activities in environments where knowledge and control distribution arc 

desired. The objective of this work is the problem solving efficacy of  reactive agents 

in terms of cornputational cost and solution quality. By examining the resuhs of our 

work against cent,ralized scheduling techniques, we view our study as both approach- 

ing a cent,rali.Led problem using agent coordination as well as solving a distributed 

scheduling problem. Our  thesis is that multiagent coordination techniques c,an pro- 

vide suhst,antial gains in terms of problem solving efficiency and solution quality. This 

thesis provides two multiagent systems with diffcrent emphases, c.alled CORA and 

COFCAST, for distributed scheduling in the job shop domain. Issues of problem 

decomposition, communication a,nd coordination, and coherent collective behavior 

arc: addressed. Feasibility, applicability. and capability- of CORA and C O F C I Z S ’ ~  are 

Coordimtion of Reactive Agents in Distributed Manufacturing Scheduling 
~ 



1.1 Organization of the  Thesis 3 

verified hy extensive experimental studies. 

1.1 Organization of the Thesis 

In the remainder of chapter 1. me describe the job shop model in our study, give a 

set of ohjective criteria, discuss the complexity of the problem, and iiit,roduce bhe 

const,raint satisfaction and optimization formulation of job shop scheduling. Next, 

we propose a model of distributed job shop scheduling where each job is assigned to 

a job agent and each resource to a resource agent. We characterize the problem in 

trrms of t,he agent interaction involved. Finally, we discuss the research implimtioiis 

of bhe study and review? the related work. 

In chapter 2, we propose a reactive distributed constraint satisfaction framework, 

called Constraint Partition and Coordinated Reaction (CPkCR), for a subset of nu- 

rrierical const,raint satisfaction problems (NCSP). In CPkCR,  a society u l  spccialized 

and rvell-coordinat,ed reactive agents collectively solve an SCSP. Each agcnt reacts 

to const,raint violations of its concerns and communicates with others by leaving and 

perceiving particular messages on the variables under its jurisdiction. A solution 

emerges from the evolutionary intcraction process of the society of  diverse agents. 

We present, a coordination scheme based on task disparity among agents and a set 

of useful coordination information in the domain of a job shop. The coordination 

scheme and coordination information are embodied in the reaction heuristics of job 

agents and resource agents. The resultant system CORA? an acronym of Coordinated 

Rcactive Agents, performs problem solving in an iterative proccss of distributcd local 

solution repairing until a feasible solution (e.g., no constraint violation) is found. The 

scarch is controlled by conditional reconfiguration of an anchor subsolution. We con- 

ducted an experimental study of CORA on the benchmark job shop scheduling CSP 
proposed in [Sadeh 19911. We investigated the effects of coordination information in 

the system and confirmed that adding coordination information enables t h e  system 

to solve more problems with fewer iterat,ion cycles. We compared COR.4 to four 

ccntralized constraint-based heuristic search scheduling techniques and three ~vel l  r e  

J .  Liu 



4 Introduction 

garded priorit,>. dispatch rules, and found that CORA pcrformed quite coInpetitively. 

We examined the effects of initial solution and round that CORA was barely affect,cd 

by configura.tion of the initial solution in the benchmark. To detcrmine scalability, 

w e  tested C0H.A for problems with up to 3000 operations. The resulls indicatr that. 

t,hc coinput,ational pcrformance of CORA is polynoniial in the size of search s p x c  in 

problems that were constructed similarly t,o t,he benchmark in [Sadeh 19911. 

In chapter 3, we extend CORA into a distributed constraint optimization mecli- 

anism: called AnchorkAscend, t,hat deals with job shop scheduling optimization. 

i\nchorkAsc.end adds to CORA a best-first search component in reconfiguring the 

anc,hor subsolution. Therefore? a globally favorable solution is found by itcrntive lo- 

ca,l repairing of an initial solution based on an anchor subsolution with monot,onically 

incrcased local objective cost. M,e conductcd experimental study of AnchorKAsccnd 

on a silite of job shop scheduling constraint optimization problems (COPS) similar 

to that. proposed in [Sadeh 19911. The objective function is a, composit,e of both 

weighted tardiness cost and inventory cost. We compared AnchorkAsccnd to N-ATC 
rule [Morton 8~ Pentico 19931, which is one of the most successful priority dispatch 

rules. Overall, Anchor&iiscend outperformed X-ATC rule in weighted tardincss cost 

by 17.2%, in inventory cost by 45.5%, and in tot,al schedule cost by 34.5%. We also 

compared: in a limited scale, AnchorkAscend to Focused Simulated Annealing Search 

(FSAS) developed in [Sadeh 6L Nakakuki 19941. Overall, AnchorkAscend found so- 

lutions ait.h reduced weighted t.ardiness cost (by 22.S%), slightly increasrd inventory 

cost (by 2.1%~): better total schedule cost (by 10.2%) than the best result,s of FSAS: 

and required less comp~itational cost. Finally, we devcloped measures of problem 

st,ructure in 0rde.r to e.xamine the generality of the Anchorkhscend met,liotl over 

problems with different structure. One of the measures is disparity, which is defined 

in t,crms of t,he number of bottleneck resources and t,he ratio of average processing 

t.iines betwcen bottleneck resourc.es and non-bottleneck rcsources. We examined the 

applicability of i\nchor&Ascend ovcr a, range of disparity conditions. Experimental 

results show that.  AnchorPLAscend is quite successful in problems where no more tha.n 

i.wo-fift,hs of the resourccs are bottlenecks and the ratio of average processing tilnes 

Coordinat.iori of Reactive Agents in Distributed M a n u f x b u r i n g  Scheduling 



1.1 Organiza t ion  of the Thesis 5 

is higlirr than 1.75. 

'Lhc coordination scheme in CORA (and AnchorkAscendj emphasizes solution 

quality by orchestrating a heuristic distributed local search. The search is drivcn 13); 

local interaction of reactive agcnts and is neither systematic nor complct,e. Because ol 

the complexity and the combinatorial explosion of job shop scheduling, a. systematic 

and complete search is useless and meaningless in pract,ical-sized problems. Most 

st,ate-of-the-art scheduling techniques are heuristic approximate search without guar- 

antccing completeness. The heuristic nature of the CORA approa.ch to distributed 

scheduling is t,he result, of our god  of practical problem solving instead of theorrficnl 

prohlcm solving. Alt,hough CORA has been shown to be quite successful in both job 

shop scheduling CSPs and COPS, its coordination scheme is restricted to special job 

shop structures where clear bottleneck resources exist and every job uses the bot.lle- 

ncck resources. In addition, the disparit,y meaures depict the scope of applicabilit,y 

of CORA. In problems where more than two bottleneck resources exist. the CORA 

approach suffers great Computational expense before convergence, if cver. 

In view of this limitation, we designed a second coordination scheme that is ap- 

plicable to any job shop structure. We adopted dispatch scheduling as the skeleton 

procedure of the coordination scheme. We view each resource as a reactive resource 

agent that reacts to resource idleness by dispatching a waiting operation. We view 

e x h  job as a reactive job agent that marks an operation as ready for dispat,ch whcn 

its preceding operation has been processed. We developed the scheme of coordinatd 

forecasts (COFCASTj on top of dispatch scheduling that improves dispatch dccisions 

hased on forecasts of future processing among resource agents. As an approach to  

distributed scheduling, COFCAST emphasizes computational efficiency by opera.ting 

in dispatch mode and is shown to significady reduce myopia of dispatch scheduling. 

COFCAST involves information exchanges between job and resource agents during 

t,he dispatch process. The nature of exchanged information is determined by the 

objective function. 

In chapter 4> we describe dispatch scheduling and present COFC,AST in job re- 

lated objectives that involve meeting due dates. We propose t,he notion of reluzd 

J.  Lio 
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I I . F C ~ X : ~  (11.U) where jobs' due dates are dynamically relaxed according t,o resources' 

forecasts ul future processing. The dynamically modified due datcs are used in a 

priority rule to  reduce its myopic decisions. Theoretically, relaxed urgency can be 

applied to any priority rule t.hat uses due date information. However, since resources 

perform forecasts of future processing based on the priority rule in use in dispatch 

decisions. the results of relaxed urgency depend on the accuracy' (or correctness, suc- 

cess) of the priority rule. We conduct.ed an experimental study on a set of problems 

of different shop conditions created in [Narayan, Morton k Ramnath 19941, which 

cxhibits general job shop structure. With mean tardiness as the primary objective 

function, we examined the performance of COFCAST-RU over a wide range of prior- 

ity rules and found that COFCAST-RU improves a subset of priority rules that are 

more accurate? while degrading other priority rules. We further studied COFCAST- 

KU over the sct of more accurate priority rules and their X-dispatch2 versions with 

weightcd tardiness as the objective function. Overall, COFCAST-RK improves the 

most accurat,e rule 0(-.4TC) by 46.2% and is only 1.82'2 from the results gcnerat,ed 

by extensive Tabu Search. COFCAST-RU is also shown to be more effectivr than 

related approaches, such as lead time iteration [Vepsalainen & Morton 19851 and bot- 

tleneck dynamics IMorton & Pentico 19931, that aim to reduce myopia of dispatc.11 

scheduling. In addition, we examined COFCAST-RU's performance variat,ion in dif- 

fercnt, shop conditions. COFCAST-RU is most effective in shop with tight due dates 

or one bottleneck resource. 

In chapter 3, we present COFCAST in shop related objectives where no due d a h  

are assigned, using makespan objective as representative. Dispatch scheduling has not 

been siiccessful in makespan objective because it requires t,ight coordination among 

resources to reduce makespan, which is especially difficult for the myopic nature of 

dispat.ch procedure. We identified two factors, downstream operation urgency and 

downstream resource priority, that need t.o be considered in determining an opcra- 

'4  priority rule is more accurate if it produces a schedule with less objective cost. 
'X-dispatch represenh a new class of dispatch priority rules khat are capable of strategically 

inserting idleness t,o wait for more important jobs [Morton & Pentico 19931. Please refer io Sectioil 
4.1 Tor more details. 

Coordina.tiun of R.eactivc Agents in  Dhibuted  Manufacturing Scheduling 



1.1 Organization of the Thesis 7 

tion's dispatch priority iu makespan ohjective. These factors are dcrivc.d fro111 re.- 

soiirces' forecasts of future processing. By combining these two factors, w r  developed 

a new priority rule. called makespan urgcncy (ML), t,hat operates in COFCAST to 

reduce makespan. We conducted the experimental st,udy on a long standing makespan 

benchmark [three instances from [Fisher gS Thompson 19631 and forty instances from 

[Lawrence 1984]), varying in size from six jobs on six machines to thirt,y jobs on 

ten machines. COFCAST-MU improves benchmark priority rules (LST and LFT) by 

more than 60%. The results are only 3.75% from the known optimal result,s, which are 

almost. equivalent to t,he sophisticated shifting bottleneck procedure [Adams, Balas 

k Zawack 19881 (3.29%) and are obtained with only a, fraction of thc coinputational 

cost. 1% further conducted an experimental study on a benchmark proposed i n  [Tail- 

lard 19931, which consists of larger sized problems ranging from fifteen jobs on fifteen 

machines to one hundred jobs on twenty machines. COFCAS'T-MU obtained results 

t,hat are 3.88% from the known optimal results, which is superior than bot,li shift.- 

ing bottleneck procedure (8.26%) and multi precedence const,raint posting (8.14%) 

[Chcng & Smith 19951. 

In chapter 6, we summarize the thesis and provide an int,egral view of the work. In- 

spired by social insects? we started out wit,h an intention to study t,he approach of solv- 

ing complex problems by a society of reactive agents. We took job shop scheduliug, an 

NP-hard problem, as our problem domain. We developed two distribukd scheduling 

systems of reactive agents, with experimentally demonstrated performance, to vcrify 

the feasibility and t.he efficxy of this approach. Our reactive agents fcatiire sophisti- 

cat,ed coordination information that provides guidance for favorablc problem solving 

decisions. The coordination information incorporates the designer's knowledge and 

insight in job shop scheduling problem. We conclude that coordination information is 

the imperative component of reactivc agents. The development of useful coordination 

information is esscntial in applying reactiv-e agents to cornplex problem solving. \\'e 

also verify our thesis that multiagent coordination techniques can provide subst,ant,ial 

gains in terms of problem solving efficiency and solution quality. 

Finally, we briefly describe the ma,in contribut,ions of the thesis and discuss sornr 

J .  1.i~ 
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8 Introduction 

of the directions thal further work in the future. may take. We focus on expanding 

the capability and applicability of our react,ivc a.gent approaches in distributed job 

shop scheduling. 

1.2 Problem Definition 

Schediiling is ubiquitous in activity management over resources and time. The di- 

versity of human and machine activities is modelled in a wide rangc of scheduling 

problems of different conditions. This study is concerned with a subset of scheduling 

problems, known as job shop, that has been one of the primary focuses of scheduling 

research. In this section, we present the classic job shop model, the objective crit,eria 

of interest, the constraint satisfaction and. optimization formulation: and a model or 

dist.ributed job shop scheduling. 

1.2.1 Classic Job Shop Model 

First, we introdiice several hasic notions, adopting the definitions given in [Conway: 

Maxwell k Miller 19671. 

An operation is an elementary task to be performed. 

Thc prucessin.g time of an operation is the amount of time required to process the 

operation; in most cases setup times are independent of operation relat,ions and 

are included in the processing times. 

A job is a set of operations t.hat are interrelated by precedence constraints derived 

from technological restrict,ions. 

A mmchine is a piece of equipment, a device, or a facility capable of performing an 

operation. 

The  release time (ur  relcase duke) of a job is the time at which the job is released t,o 

the shop floor; i t  is the earliest time at which the first operat,ion of the job can 

begin processing. 

Cuordinat,iun of Reactive Agents in  Distributed Manufacturing Scheduling 



1.2 Problem Definition 9 

'Thc drie d a l e  of a job is the timc by which the last operation of the job should be 

completed. 

'The completion time of a job is the  t,ime at which processing of t,he last, opcration 

of the job is completed. 

A schedule is a specificat,ion of the execution of each operation on a particular ma- 

chine at a specific time interval. h feasible schedule is a schedule tha.t  observes 

all problem constraints, e .g . ,  job release time, operation precedence relations, 

and machine capacity. 

A classic job shop is a manufacturing production environnient where a set of m 

jobs J = {J1. ..., J m }  have to be performed on a set of n machines (or resources) 

H = {RII ..., Rn}. E.ach job J ;  is composed of a set of sequential operat,ions opr;j? j = 

I, ___.mi. m; 5 n: and can only be processed after its release date RDi. Each resource 

R, has only unit. capacity and can process only one operation at a time. Each opera- 

tion opr, has a deterministic processing time p; j  and has been preassigned a unique 

resourre that may process the operation. Since a job consists of a set of operat,ions 

that, has to be performed in sequential order, i t  is conceptually convenient t,o cnvision 

a joh entering t,he shop, visiting different machines to have its corresponding oper- 

ations perroormed, and t,hcn leaving the shop. .4 job's routing is the sequential set 

of resources that the job visits before its completion. The arrival time o l  a joh at a 

machine is the time at, which the job leaves the previous machine in its routing. and 

is equivalent to the ready time of the operation to be performed on the machine. Jobs 

can have very different. numbers of operations and routing, w-hich are the primary 

characteristics that distinguish a job shop from a flow shop. 

The model provides only a basic description of actual job shops a.nd does nut 

ehborate on more complex conditions. In order to focus the study on the effect,s of 

scheduling and to allow generalization of the experimental results; most research on 

job shop scheduling share the following assumptions to  simplify the model. 

1. A job has a fixcd ordering of operations. 

J. Liu 
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2. A job does not visit the same machine twice. 

3 .  A n  operat,ion may have at most one other operat,ion immediately preceding or 

suc.ceeding it. (So assembly operations.) 

-1. An operation of a job can be started only if its immediate preceding operation, 

if any, is completed. (No overlapped operations.) 

5. An operation can be processed by only one machine (?io alternative resource.) 

6 .  An operation cannot be preempted during its processing. 

- 
i. Operations do not require explicit setup t,imes. 

8. The mxhines have unit, capacities in the ent.ire interval of scheduling (no ma- 

chine dowii time), 

Job shop scheduling problems [French 19821 involve synchronization of the com- 

pletion of ni. jobs J on n. resources R (machines). The problem (hard) constraints 

of job shop scheduling include (1) operdion tem.porul precedence const,raints. i.e., an 

operation must be finished before the next operation in the job can b r  started, (2) 

rcdease date constraints, i.e., the first operation of a job can begin only after the rc- 

leasc date of the job? and (3) resource capacity const~uints,  ;.e.: resources have only 

unit processing capacity. A solution of the job shop scheduling problem is a feasible 

sr.hedule> which assigns a start time s t ; j  and an end time ei;j t o  each operat,ion opr;j. 

t h a t  satisfics all problem const,raints. 

Forinally. job shop scheduling problems are defined as: 

GP.U€Il 

~ , , i  = 1, ..., m, a set of m jobs. 

Rk. k = l1 ..., 12, a sct of TI resources (with unit capacity). 

J, = {opri}!j = 1, ..., mi: mi _< n.. E.ach job J; consists of a set, of sequent,ial 

operations. .4n operation opf j  is the j - t h  operation in the job Ji and requires 

the nse of resource Rk for a processing time of pij. 

Coortlination of Reactive Agents i n  Dist,ributed Manufacturing Scheduling 
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time line 

rt ;? i = 1. . . . ~  7 n ,  a set of release bimes, wherc rt ,  i s  the release time of Ji 

time line 

Find s t , ? i  = 1: ...; r n , j  = .... mi, such that 

A schedule can be visualized using Gantt charts where operations are organized 

along the time line from the perspectives of either jobs or resources. Each box repre- 

sent,s an operation with length proportional to its processing time and is marked by 

a unique ident,ification code. We use a threedigit code where the first digit i s  the job 

number, the second digit is t,he operation number within the job: and the third digit, 

is the resource that processes the operation. For example, oprf1 reprcsent,s the first 

opera,tion of J2 and is processed by RE. 

time line 

Figure 1.1: Job Gant,t Chart of an infeasible schedule 

Figure 1.1 shows the job Gantt chart of a schedule where only opemtion precedence 

constraines and job release date constraints are considered. A vertical arrow in front, 

of each time line represenh the release date of each job. The schedule is infeasible 

because resource capacity constraints are not respected. For example, according to 

the schedule, Re will process part of 0p-E and op.,”1 at. the same time, which is 

not, feasible. Figure 1.2 shows the resource Gantt chart, of a schedule where only 

resource capacity constraints are considered. The schedule is also infeasible because 

.job release date constraints and operation precedence constraints are not respected 

J.  Liu 
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Res A 

Res B 

ResC 

0 

0 

For cxample. according to t,he schedule, Rc will process oprf. heforc oprpl has been 

finishcd hy RB! which is not, feasible. Also, Rc will not he able to process oprF1 as 

scheduled because .Jz has not been released at. t,imc 0. 

41A 22A 13A 33A 
time line 

1 IB 31B 43B 23B - 
time line 

* 

21C 12C 42C 32c * 

Job1  1 -11B I 12c 

Job2 rn 22A 
0 

We use thc  above examples to illustrate that when solving job shop scheduling 

problems, the t,wo aspects of constraints that involve job and resource must be con- 

sidcred simultancously. A feasible schedule is shown in Figure 1.3. Job Gantt. chart, 

of t,he schedule displays when the operations of a given job arc processed. Resource 

Gantt, chart of t.he schedule lays out the process of a given resource performing various 

operat,ions. 

13A - 
23B > 

Job3 1 31B 32C 33A 

Job 4 41A 42C 

time line 

Figwe 1.3: Job and Resource Gantt Charts of a feasible schedule 

43B * 
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1.2.2 Objective Criteria 

Scheduling has significant implications in manufacturing economic management. ‘l’hr 

effective schcduling of a facility enables faster rcsponse to customer demands, redur,rs 

its work-in-process, and increases its t,hroughput, and t,herefore, is instrutnent~al lo 

achieving objectives such as gaining increased market share and increasing thc return 

of investment. Given a job shop scheduling problem, the number of feasible solutions 

can be enormous. For example: for a problem with m jobs of n opcrations on II 

rcsources, each resource has rn! possible processing sequences? and the total number 

of possible schedules is (m.!)’L since all precedence constraints between operations 

can he satisfied by right shifting operat,ions toward the end of lime. 0rganiz.ations 

are usually interested in optimizing a schedule according to criteria that. rcflect t,he 

economic goals. We introduce a subset of objective functions that are most commonly 

used in the literature of job shop scheduling. 

We first describe three primitive measures that are essential for t,he subset, of 

ohjeclive func.t,ions that we consider. 

Completion time C; is the time at which a job Ji completes its proccssing. It is 

the end time of the last operation of J;. 

Flow time F, is the amount of time a job J, spends in the shop. It corresponds to 

a t,ime interval between the release time of J ,  and the completion time of > J z .  

E = C, - rt,. 

Tardiness  T; is the nonnegative amount of time by which the completion t,ime of 

J ,  cxreeds its due date dd;. If J ,  is complet,ed earlier than dd;, the t.ardiness is 

zero. Ti = mnrj0, (C; - dd;) ] .  

We consider t,he following set of objective funct,ions: 

Mean Flow time F,,,,,, is t,he avenge flow time of the schedule, 

where m is the number of jobs. 

J.  Liu 



13 Introduction 

Work-in-process WIP is the average in-progress processing times of thc schedule. 
1 m  

wherc m is the number of jobs: and ~ t ; ~  is t,he time at which a job J ,  begins its 

processing, or the start time of the first operation of .I;. 

Mean Tardiness TmeZN is the average t,ardiness of the schedule. 

wherc rn is the number of jobs. 

Conditional Mean Tardiness CT,,,, is the average tardiness over the tardy jobs 

in the schedule. 
l k  

CT,,,, = - Ti, T; > 0 k .  ,=1 . ,  

where k is t h e  number of ,jobs with nonzero tardiness. 

Proportion of Tardy jobs PT is the percentage of jobs that are tardy in thc 

s chedu 1 e. 
k 
m 

P T = -  

where k is the number of jobs with nonzero tardiness, and m. is the number of 

jobs. Therefore: mean tardiness and conditional mean tardiness are related by 

T,,,,,, = CT,,,, PT.  

Weighted Tardiness 2 , ,  is the sum of proportional tardiness muhiplied by job 

import,ance. 
m 

7;t = WiTt 
i=l 

where w; is the weight of a job Ji. 

Makespan is t,he “length” of the sc.hedule? or an interval between the time at which 

the schedule begins and the time at. which the schedule ends. U‘e usiia,lly mark 

the beginning of a, schedule as time 0. Therefore, makespan of a schediile 

is t.he maximum of the completion times of the set of jobs in t,hc sc.hedu1e. 

Makr.spa.n = max[C;],i  = 1. ..., m. 
- 
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The set. of sdleduling obj ives we consider can be classified i I i h  thrcc ca.tr- 

gories: flowbased objectives? due-date-based objectives, and ut,ilizat,ion-based objcc- 

tives. Mean flow time and work-in-process are flowbased objectives t,ha.t measure 

,jobs' turuaround times through the shop. In due-date-based objectives. cach job is 

assigned a due date by which t,ime the job should be completed. '?drdincss-related ob- 

jectives measure t,he performance of meeting due dates. In a situation where ,jobs arc 

of varying importance, each job is assigned a weight that introduces a proportional 

penalty for i t s  tardiness. Makespm is a surrogate for shop utilization. A schedule 

with shorter 1engt.h roughly corresponds to better resource ut.iliz.at,ion in processing 

the same set of jobs than a schedule with longer length. 

We usc the set of scheduling objectives alternatively based on the purposes of eval- 

uat,ion and the availability of c.omparison results in the 1iterat.ure. In particular! mean 

flow time, work-in-process, mean tardiness, conditional mean tardiness, and propor- 

t,ion of tardy jobs arc used as a group of objectives to cva1uat.e the applicability of 

coordinat,ion techniques. \;Veight,ed tardiness and makespan are used to cvaluate the 

performmce of our coordination techniques as compared to other schcduling tech- 

niques. We should point out  that most, advanced scheduling methods are dcveloped 

for particular objectives and are not interchangeable with respect to diffcrent types 

of objectives. We illustrate this by contrasting tardiness to makespan. 

Tardiness and makespan objectives favor different kinds of schedules. Suppos~  we 

take Ihe schedule in Figure 1.3 and optimize i t  according to tardiness and makespan 

objectives, respectively. Figure 1.4 shows two schedules for the hrdiness objective, 

in which jobs are assigned a due date. Figure 1.4 (b) is a better schedulc, in which 

all jobs are finished before due dates, than Figure 1.4 (a), in which job 3 is tardy 

(finished after its due date). Figure 1.5 displays an optimal schedule for the makespan 

ohject,ive, in which all jobs are released at t,ime 0 and the length of t,he schedule is 

t.he minimum. The makespan objective usually favors a more compact schedulel in 

which rcsources process operations in a dense fashion. Tardiness objectives emphaske 

meeting due dates, so prefer resources strategically idle to wait for urgent, jobs. 

To summarize, flowbased and due-datcbased objectives are performance mca- 

J. Liu 
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Job3 1 3 1B 32C 33A 
due date 

Res A 1 41A 1 22A 13A I 33A 
time line 

time line 

Job 1 1 IB 12c 13A 

due date 

due date 

Figure 1.4: Two Schedules for Weighted Tardiness 

ResB I 31B 

ResC 21C 
0 
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I r 

ResA 4 1 ~  22A 13A 

ResB 11B 31B 23B 43B 
time line 0 

I. f " time line 

time line 
ResC 21C > 

0 

Figure 1.5: An Optimal Schedule for hlakespan 

sures relating to  the individual job. while utilization-based objectives arc performance 

measures relating to the shop. Most scheduling techniques are specializrd to one oi  

the three performance measures. 

1.2.3 Complexity of Job Shop Scheduling 

In gencrd, scheduling problems are SP-hard [Garey &! Johnson 19791: c.g., t.hey 

require time exponential in the input, length. Consequently, t,he time required to solve 

probleni instances of reasonable size can be astronomical. For example, considcr an 

exponential relation of time 2" to problem size in the number of operat,ions n, rtnd 

a t,ime unit of one microsecond. 'The worst case time required t,o solve the problcm 

grows rapidly from .001 second for instances of size lo! to 18 minutes for size 30, and 

t,o 35.7 years for size 50. This exponential explosion cannot be alleviated by realistic 

increases in the speed of computation. To double the size of problem t,hat can be 

solved within 18 minutes would require a 109-fold increase in speed. A practical ,job 

shop scheduling problem typically involves hundreds of operations. Thereforc, almost 

all realistic, scheduling techniques resort t,o heuristic search that does not. gua.rant,ee 

completeness. 
- ~ 
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I11 job shop scheduling wit,h objective func.tions where job due dates a.re rehxed3> 

the problem is of combinatorial explosion because of the enorrriously lasge s r t  of 

possible srliedules. In general, job shop optimization for even small prohlrm size 

(c.6.: say 30 operations) is intractable and cannot be guaranteed [Fox Sr Sadeh 19901. 

Hence the problem solving goal is to find high quality schedules wit.h reasonable 

computational cost,, e.g., satisficing rather than optimizing. 

1.2.4 Job Shop Scheduling as Constraint Satisfaction and 

Optimization Problems 

Job shop scheduling can be convenient,ly formulated as constraint satisfaction and 

optiIriizat,ion problems (CSPs/COPs) [Mackworth 19871. A CSP is defined by a, 

set of mvi.ables X = {x1,z2;. .:z,,,}; each having a corresponding dom.uin 1,’’ = 

, cn2}?  and a. set of constraints C = {cl,cZ;.. ,&}. h constraint ci is a 

subset, of the Cartesian product vt x . . . x v g ,  which specifies which values of the vari- 

ables are compatible with each other. A solution to a CSP is an assignment, of values 

(an instant,iation) for all variables, such that all constraint,s are sat,isfied. Numerkal 

CSPs (SCSPs) [Lhomme 19931 are a subset of CSPs, in which constmints are repre- 

sented by niimerical relations between quantitative variables usually with fairly large 

domains of possible values. CSPs can also be formulated as Constraint Optimizat,ion 

Problems (COPS), where a subset of constraints are relaxed to  seek optimizat,ioii of 

a givcn objectivc funct,ion. 

Job shop scheduling is an NCSP, in which each operation is viewed as a quanti- 

t,a.tive L!a.rinble with a valve corresponding to the start time of the operation, and all 

corislra.int,s expressed as numerical relations between variables. The dominant con- 

stmints in joh shop scheduling a,re temporal operat ion precedence and resovrce capacity 

constraints. ‘The temporal precedence constraints along with a job‘s release date, due 

dat.e. and operations’ processing times restrict the set of acceptable start times for 

each operat,ion. The capacity constraints restrict the number of operations that, can 

“Joh due dates arc not considercd as hard constraints, but as reference points for t,he ob,jectiw 
funrtioil. e.g., tardiness. 
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use a resource a t  a,ny particular point in time and create conflicts among opemtions 

that are competing for the use of the same resource at  overlapping time intcrva.ls. 

A solution of t,he problem is a sc.hedule that assigns start limes to each operation; 

and that satisfies all opera.tion precedence, release and due &e,  and resowce cnpiicily 

constraints. 

Given an objective function, job shop scheduling can also be forniulatcd as NCOPs 

where due date constraints are relaxed. For example, with a makespan ubjectivc: 

there are no due dat,e constraints. 'The goal is to minimize the length of the schedule. 

With a weighted tardiness objective, due date constraints are relaxed and are usrd 

as reference points for calculating hrdiness. 

1.2.5 A Model of Distributed Job Shop Scheduling 

Job shop scheduling problems involve job and resource constraints. Intuitively, it is 

convenient to assign separate agents that would be in charge of these two aspects of 

const,raints. We propose a model of dist,ributed job shop scheduling in which each job 

is assigned t,o a j o b  agent and each resource to a resource agent. Therefore, the number 

of agents involved in solving a job shop problem is equal to the sum of the number 

of jobs and the number of resources in the problem. Job agents are concerned with 

constraints of a job's aspect, e.g., job release date and operation precedence relations. 

Resource agents take care of constraints of resource's aspect,, e.g., resourcr capacity. 

These agents engage in a coordinat,ed decision making process to solve a, scheduling 

problem. This decomposition is both heuristic and structural, based on constraint. 

type and constraint connectivity, as described in section 2.1. 

This model seems to be appropriate for the following reasons. 

1. Each agent. corresponds to a real entity. This provides closer management of an 

entity in its situated environment, and therefore, facilitates potential real t,ime 

responsiveness. For example, a resource agent, can monitor its locd condition 

(e.g., machine breakdown, processing t,ime. variation) and update its processing 

decisions accordingly-. A job agent can respond to due date changes and make 

Iiecessary revisions on operation processing., 
~~ 
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2 .  Each agent can make decisions based on its own strategies and its local silua- 

t,ion. This provides modularity for constructing t,he system. For example, we 

may want a resource agent, to manage the resource differedy depending 011 

its contention level. Similarly, we may want a job agent t,o act with different 

strategies according to the job’s importance. 

3 ,  This model provides an appropriate level of granularity to disentangle the prob- 

le111 const,raints and analyze how they interact with each other. By exa,mining 

how a job interacts with a resource and scrutinizing how resources int,eracl with 

each ot,her through jobs, and vice versa, we hope to  obtain informat,ioii that, can 

facilitate our understanding of the interaction structure of a job shop and the 

design of communicated messages and coordination strategies t.hat enahle more 

effective problem solving. 

1.2.6 Characterizing the Problem 

T h e  diversity of real world problems has led to the development of various coordi- 

nat,ion approaches. We view problem characterization as essential to DPS research 

because it not only ensures a fundamental understanding of what is required to solve 

t h r  problem in a distributive manner, but also provides a context for the coordina- 

tion approaches to be comprehensible. In the common settings of DPS research where 

each agcnt is assigned a subproblem, the goal of the agents is to solve t,heir individual 

subproblems in a coherent way such t,hat their solutions can be combined to form a 

feasible global solution. Therefore, the most relevant characteristic of the problem is 

how the subproblems interact with each other. Given a DPS setting of a. problem (a 

givcn decomposition), we characterize the potential interaction in the problem solving 

proc,ess, followed by an example problem to illustrate these interaction characteristics. 

Depth is t,hr levcl of int,eractjon that is required for the agents to solve the proh- 

lern. We distinguish between two levels of interdependence a.mong subproblems 

~ solution feasibi1it.y and solution quality. Depending on problem specification, 

some problems have interdependence only on solution quality level, while some 
~~ 

CooIclination of %active Agents in Distributed Manufacturing Schcduling 



1.2 Problem Definition 21 

prohlerris havc both levels of interdependence. Problems with bot,h levels of i r i -  

terdependence usually demand stronger coordination that controls more aspects 

of agents‘ ac.t,ions in order to ensure feasible solutions. 

Magnitude is the size of the portion of an agent’s subproblem that is interdepen- 

dent with other agents’ subproblems. For problems wit,h low interaction m a , g  

nitude, agents’ have only a small portion of their subproblems that, are relat,ed 

to others’. For problems with high interaction magnitude? most parts of agents‘ 

subproblems have direct constraints to others’. 

Granularity is the fineness/coarseness of interaction rcgarding agents’ problem S O I Y -  

ing decisions. 

Sociability is t,he potential effects on agents’ problem solving activities. Construc- 

tive interaction benefits agents’ local problem solving, while interfering inter- 

action presents potential negative interference between agents’ problem solving 

act,ivities. 

We givr an exa,mple problem to illustrate these interaction characterist,ics. Sup- 

pose i n  a. simulation environment two robots are given a task to find two bornhs in a. 

building. ‘The bombs are known to be located on the same floor. Depending OII how 

t,he problem is specificd, the interaction characteristics between the two robots can 

be very different. If the goal is to find the bombs as soon as possible, each robot can. 

in the worse case, go through t,he whole building. In other words, any path planning 

of the robots is a solution. Therefore, interaction between the robots’ path planning 

only involves solution quality level. If the bombs must also be found before a deadline 

and each robot can only go through two-t,hirds of t.he building beforc the deadline, 

then only a subset of the robots‘ path planning is a feasibility solution. Therefore, the 

problem hecomcs more difficult because the solution feasibility level is also involved. 

If the robot,s plan t,hcir pat,hs prct.ty much independently. exchange information on 

which floor and what areas they havc searched, and notify the other when a bomb 

is foiind, then their interaction is of low magnitude, is coarse grained, and is con- 

st.ructive. If lor some reasons the robots are constrained to stay close to m c h  other 
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cvit,hin some distance: t,lien the robots must coordinat,e thcir path planning all the 

way throughout, the search. Their interaction i s  of high magnitude: is Grie grained: 

and is interfering. 

In job shop scheduling, we vicw a conslraint between two opemtions as a a  in- 

t,era.ction link between them. The set of operations and constraints form a, web of 

interact,ion links in which each operation is linked to operations of the same job ant1 

operations using the same resource. For example? using the problem illustrated in 

Figurel.3, Figure 1.6 shows the interaction links that are connected t,o the oper a., ti on 

opT.22. A 

Res Job2 A 0 2; 
Figure 1.6: Interaction Links of an Operation 

We charact,eriie the intcraction structure of job shop scheduling to facilit,atc elu- 

cidat,ing thr coordination issues involved. Given a schedule as shown in Figure I.$> 

siippose .I1 would like oprf3 to be processed earlier for some reason (e.g., meeting it.s 

due date). ‘This may be followed by a scenario in which many other agents have to 

rcspoIid to the ensuing changes (occurred interactions are indicated by arrows in Fig- 

ure 1.7). For example, Rn interchanges OPT& and opf3  such t,hat opr:, is processed 

right after opr&? and opr,”, is moved forward (toward the end of time line) a distance 

to  adjust for op&. Subsequently, Jz moves oprg forward accordingly to respond to 

o&’s new location. Then R g  chooses to move OPT; in front of OPT:? to resolve 

thcir overlapping, followed by Jd moving OPT& backward. The interact,ions continiie 

as Rr Irioves oprF2 backward, 53 moves oprfl backward, RB interchanges OPT?, and 

o&. As a result, J1 has to move oprF2 and opr$ forward, which is the opposite of 

its original int,ention. 

This scenario illustrat,es the complexity of interaction in distributed ,job shop 

scheduling and reveals several characteristics of the interaction structure. 
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Figure 1.7: A Scenario of Complicated Interactions 

1. The interaction links are intensively connected. Any initiation of an intera.ction 

may have rippling effects. 

2 .  There are multiple strings of interaction links connected to each objcct. 

3.  The interaction links form loops, which may cause cyclic traversal of actions. 

1. One end of the interaction link is connected to a rigid bounda.ry (job’s releasc 

dat,es), while the other cnd (the last operations of each job) is loose (t,oward the 

end of time). 

Most of these characteristics come directly-from the web structure of the job shop 

constraints. Although a loose end of the constraint web allows minimizing inter- 

actions by pushing operations toward i t ?  this contradicts our goal of optimizing an 

objective criterion that favors schedules that are compact, toward the rigid end. The 

problem constraint,s are so tightly- connected that agents may constantly find conflicts 

that. i~ivolve multiple agents. It is almost impossible for an agent to evaluate a de- 

cision, because results of the decision (changes of objective cost) cannot be obtained 

without miggering a series of decisions of other agents. This constant need of coIiflict, 

resolut.ion among multiple agents may lead to an intractable int,eraction process. Fur- 

t.lierIriorcl a cyclic process t,hat involves a subset of a,genls may occur in which agents 
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rcsolve recurring conflicts back a,nd forth. These characteristics impose tremendous 

restrictions to the design of coordinat,ion that needs to achieve our goal of problem 

solving efficacy. 

Most DPS research has focused on loosely coupled problems [Lesser ,I: Corkill 19871 

where agent interaction only involves solution quality level, is of low ma,gnitudc, is 

coarse grained, and is constructivc. For example:, in the sensor inlerpret~at,ion domain 

[Durfee S: Lesser 19911 [Durfee 19881 [Mason 19961; solution feasibility is never an 

issue because any interpretation of the data by an agent is a part of a (feasible) 

global solution. During problem solving, agents exchange information [partial results) 

in ordcr to  improve the validity (quality) of their solutions. In contrast, wit,h the 

complex constraint structure, the job shop scheduling problem is tightly coupled by 

mture.  Agents' decisions have to be closely coordinated throughout t,he process of 

generating a schedule. Agent interaction involves both levels of solution feasibilit,y 

and quality, is of high magnitude, is fine grained, and is interfering. Without proper 

coordination, agents might exhibit chaotic problem solving behavior where agents 

constant,ly revise their decisions in response to conflicts and are never able to find a 

feasible solution. 

To ensure coherent problem solving behavior, agent coordination for tight,ly cou- 

pled problems are bound to involve all aspects of decision makingl e.g., when does 

an agent make a decision, what decision (which variable and what value) does an 

agent make, what information helps an agent make a better decision, when and how 

does an agent revise it,s dccisions, et,c. We view coordination mechanisms as sct.s of 

rules? conventions, and operation procedures adhered to by all agents that Caci1itat.e 

system operation toward performance goals, e.g.: solution optima,lity, comput,alional 

efficiency, etc. 

1.3 Research Implications 

'Traditionally> scheduling has been a,ddressed through centralized algorithms due t,o 

the complicated interaction among the objects being scheduled. Despite t.he po- 

Coordination of Reactive Agents in Distributed Manufacturing Scheduling 
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t,cntially arduous coordinahn involved, distribut,ed scheduling is of greal research 

interest in view of its practica.1 need in environments where authorily and control 

distrihution are desirable.. In addit,ion. the study of distributed scheduling is of great 

values lo DPS research. 

DPS is a relativelyyoiing and growing field of rcsearch, where many issues arc open 

to study and many- application domains remain to be established. Over the years, 

pioneering DPS researchers have provided characterization of current DPS resea.rch. 

Lcsser and Corkill stated 

Distributed problem solving ... emphasizes on representing problem solv- 

jug i n  terms of asynchronous. loosely coupled process networks that oper- 

ate in parallel with limited interprocess communication [Lesser & Corkill 

19871. 

Durfcc et ab. stated 

A problem well-suited to a cooperative distributed problem solving ap- 

proach consist,s of a set of interdependent subproblems that a,rise becausc 

of spatial, temporall and functional distribution of data, knowledge, and 

processing capabilities [Durfce, Lesser & Corkill 19891. 

Gasser stated t,hat for distributed problem solving 

Concurrency is motivated less by efficiency requirements or performance 

improvement,s and more by goals like finding an appropriate fit. to the 

problem, handling uncertainty by triangulation, and modelling natural 

systems [Gasser 19891. 

In other words, DPS research has traditionally focused on loosely coupled problems 

and is motivated by actual necessity of solving problems of geographical distribut,ion. 

Most DPS research achieves problem solving by using sophisticatcd agent,s [Hillins 

19871 [Gasser & Huhns 19891. These agents are sophisticated in the sense that, they 

have a symbolic and explicit representation of their environment and ca,n reason about 

possible actions to  achieve explicit goals. 
~ 
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On the ot.her hand, DPS approaches based on simple reactive agent,s ha.ve received 

growing interest [,4gre & Chapman 1%i] [St,eels 19891 [Demazea.u k Muller 19901. 

I hcse react,ive agents arc simple in the sense t.hat they do not have reprcsent,ations of 

their environment and they act by st,irnulus and response. They are embedded in the 

environment, and follow simple patterns of behavior that can be easily programmcd. 

W i t h  regard to their problem solving behavior, Ferher and Drogoul stated 

1 .  

Problem solving is seen as the production of stable or stationary statcs 

in a dynamic systcm, where evolution is due to the behavior of simple 

agrnts. The effect of intelligence (the solution of a problem) is seen as 

cmerging process of interacting and communicating simple agents. By 

"simple" we mean agents that do not have goals or plans, but just behave 

according to their specific program, ..., which is just a simple "tropism", 

Le.? a behavior made of reactions to the environment [Ferber k Drogoul 

19Y 21. 

Most of this research draws on a social insect metaphor, where sophisticated group 

behavior rmerges from simple individuals. Wheeler stated 

... t h e  very elaborate social behavior of the insects, in that it is almost ex- 

clusively determined by the reflexes, tropisms, and the swcalled instincts 

arid not by intelligence, assumes great theoretical significance [Wheeler 

19281. 

Osler a a d  Wilson stated 

What makes an ant colony dist,inct from a cluster of butterflies, a swarm of 

rnidgesI or for that matter a flock of birds, is its internal organization - t,he 

differentiation of its members into castes, the division of labor based on 

caste: and the coordination and integration of the activities t,hat generate 

an overall patt,ern of behavior beyond the reach of a simple aggregation 

of individuals [Oster & Wilson 19783. 
- ~__ 
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The iIriport,ant point is t,hat the colony as a whole is behaviorally equiv- 

alent to a totipotent solitary individual but possesses a milch higher er- 

gonomic efficie~icy [Oster i2 Wilson 19781. 

Indecd. social insects have becn sources of inspiration for DPS approaches based on 

reactive agent.s, where characteristics such as functional decomposition, ta.sk division! 

and effective coordination based on simple flows of informalion [Holldobler Si \?\'ilson 

l Y Y O ] ,  are utilized in system design. 

Wr argue that the study of distributed scheduling can contribute to DPS research 

a.nd reactive agents in several ways. 

1. Dist,ributed scheduling ext,ends DPS research to examine potential approaches 

of solving tightly coupled problems. Manufacturing scheduling is a t,ightly coli- 

pled problem. Distribution of scheduling a c h i t y  results in intensivc interactions 

among decision-making entities. The study of distributed scheduling will pro- 

duce valuable results to issues of solving distributed tightly coup1e.d problems 

and provide useful insights to other application domains. 

2. Distributed scheduling compels DPS research to tackle issues of perforrnancc 

improvements. .As we have discussed earlier, our goal is the problem solving 

efficacy, both in terms of problem solving efficiency and solulion quality, of the 

DPS approaches to  scheduling. Therefore, the study of distribut,ed scheduling 

will demonstrate and extend the capabilities of DPS techniques. 

3. Distributed scheduling examines the performance pot,ential of DPS techniques 

and reactive agents in a well studied application domain. Up t,o now, most UPS 

researches have not compared their performances with ccntralized approachcs 

in t,erms of problem solving efficacy. Although it is generally agreed that I)PS 
ca.n result, in suboptimality because of decision making based on limited local 

views; serious examination of the suboptimality issue has not been made. 111 

this thesis, we will compare DPS scheduling performance t,o that of centra,liz.ed 

est,ablished methods in the well studied domain of manufacturing scheduling. 

J. Liu 
-~ 



28 In t roduc t ion  

'I'his will stimulate a closer evaluation of t,he suboptimality issue and Inure im- 

port,antly. an endeavor to  reduce the suboptimaliby of DPS techniques through 

the de\:elopment of good agent coordination strategies. 

W e  adopwrl a DPS model in a job shop. where each job is assigned t.o a job agent 

and cach resource to a resource agent. This decomposition is derived from a con- 

st.raint partition of a job shop ba.sed on constraint type and constraint connectirit~y 

(see Sect,ion 2.1).  The implications of this DPS model arc separation of prohlein 

aspects (e.g., job versus resource) and control distribution (e.g., cach entity is repre- 

sented by an agent). Based on this DPS model of job shop scheduling, we developed 

t,wo coordination schemes for simple reactive agents. Although these two coordina- 

tion schemes have different emphases, they are all designed to  regulate most, aspects 

of  agents' dcc,ision making, e.g., when does an agent make a decision with regard 

to variable instantiation, which variable should an agent consider, what values x e  

appropriate for the considered varia.ble, what information helps an agent make better 

decisions. when and how does an agent, revise it,s decisions, etc. 

In t.he simple react,ive agents approach to  distributed job shop scheduling, we view 

a coordination scheme as a set of rules and procedures of variable instantiation and 

information exchange adhered by all agents that facilitate system operation toward 

pcrformancc goals, e.g., solution quality, computational efficiency. The t,wo coordi- 

na.tion schemes act as mechanisms t,o contain t,he scope of agents' interact.ion and to 

guide group decisions toward favorable outcome. This coordination approach imposes 

strong rest,rict,ion on what can be done and when it can be done during agents' prob- 

lem solving activities in order to guarantee system performance. We implemented the 

t,wo coordination schemes in two mult,iagent scheduling systems, CORA a,nd COF- 

CAST. Experimental studies on benchmark problems demonstrate t.hat CORA and 

COFCAST provide competitive performance comparing to other centralized sche.dul- 

ing techniques. We used benchmarks proposed in the literature as our primary test 

problc.ms in order to object,ively evaluate CORA and COFCAST based on published 

rcsults of ot,her sophist,icated scheduling techniques without potential bias and inac- 

curacy of  secund-ha,nd implcmentation. 
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1.4 Related Work 

We review related work in DPS research, distribut,ed constraint satisfaction! and 

distributed tnanufacturing scheduling. The scope of DPS relat,cd work is rest,rict,ed 

to approa,ches based on simple agents. 

1.4.1 DPS Approaches Based on Simple Agents 

As opposed to using sophisticated agents in problem solving [Huhns 19871 [Gasscr k 

Huhns 19891 ~ DPS approaches based on simple reactive agents have received growing 

interest, Various approaches have been proposed for problems ranging from planning 

to optimization. We review some of the representative work as follows. 

[Colorni. norigo 6L Maniezzo 19921 presented a distributed optimiza,tion scheme 

for the Travelling Salesman Problem (TSP) based on the analogue of ant, colonies. 

Tlie mechanism that ena,bles blind ants to establish shortest route paths between 

their colony and feeding sources were employed. A moving ant lays some substance 

in varying quantity on the ground. An isolated ant, moves essent.ially at  random but 

may follow a trail when it detects the  substance. The probability t,hat an ant moves 

along a trail increases with the amount of substance on the trail. The schemereqnird 

a considerable number of ant.s and a large number of trials to find the best solution. 

[Colorni et al. 19921 obtained respectable results on mid-sized TSPs (up to 75 cities), 

but with long computational t.ime. 

[Ghedira & Verfaillie 1992) constructed a model of simple reactive agcnts for re- 

source allocation problems without precedence constraints on tasks. The model in- 

volvcs task and resource agents in interactions, each of them seeking its maximal sab- 

ishction in t,erms of getting resource allocation and maximizing resource ntilization: 

respectively. Each unsatisfied task agent chooses one of t,he possible resourc.e agenls 

a n d  requests to be allocated. Behavior of a resource agent is based on a simulat,ed 

amealing algorithm, where tolerance to local deterioration of satisfaction progres- 

sively decreases. Experiments were conducted on randomly generated problems. No 

comparison to other established approaches mas offered. 
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[I,’erber k Drogoul 19921 developed the Eco-Problcm-Soloir~g (EPS) model: in 

whic,h problcms are decomposed and solvcd by interactions of simple bchavior Lased 

tco-a.gen,ts. Ec.o-agents behave according to  their specific programs of simple ”tr-opirsrrz”, 

i.e.? a behavior made of react,ions to the environment, and a.re continuously questing 

for a satisfaction state. Interactions between agents are characterized by aggression 

and concession. Problem solving is seen as the production of’stable statcs in a dy- 

na,mic system, where evolut,ion is due to the behavior of simple agents. Application 

of EPS to classical planning problems in the blocks world rvas demonstrated. 

[Drogoul k Dubreuil 19933 applied the EPS model to the N-puzzle problem. which 

involves rearranging N square tiles from some random initial configumtion int,o a. 

particular goal configuration on a square board containing the tiles arid a blank 

position. h c h  tile is modelled as an eco-agent and has a goal to teach its dest,ined 

position. Behaviors of eco-agents are charactcrized by “the will to be satisfied’’ a.nd 

‘%he obligation to flee”. Satisfaction of tiles is prioritized by heuristics (first solving 

the row or column furthest to t,he final position of t,he blank). Additional heuristics 

(Ma.nhattan distances) are also used in eco-agent’s decision-making in direction of 

niovcment. Their experimentdon showed that the system can solve very large puzzlcs 

(up to 899-puzzle) in reasonable time, while the best record of RT.4* and I.RTA* 

[Korf 19901 is 24-puzzle. However, lhe system did not obtain optimal solutions (the 

solut,ioii lengths of small puzzles are approximately twice the optimal solution Ieiigths 

computed by .4*). 

Apart from these systems of reactive agents, there has been a.n organizational 

model of Asynchronous Team (A-Team) proposed in [Talukdar 19921. An A-’learn 

consists of autonomous agents, each of which can choose what, to do and when to 

communicate with its teammates? if ever. Agents in A-Team are divided into four 

cat,egories: construction. agents, m.odzfication agents, deconstruction agents, and de- 

s t ~ u c t i o n  agents. These a,gents are oriented towards solution variation and work on 

populations of solutions. The populations of data-objects produced by t.he agents are 

controlled b>; “herding” or “consensus-seeking” strategies where the population are 

kept. from explosion by the destruction agents or by mode changes of most agel1t.s. 
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"l.'he A-Team hay been successfully applied to solving large travelling salesniari prob- 

lems [Talukdar fi: de Soma 19921, configuring task-specific robots [Murthy I992I1 and 

diagnosing power systems [Chen k. Talukdar 19931. 

1.4.2 Distributed Constraint Satisfaction 

Reccnt work in constraint satisfaction ha,s considered the distributcd constraint satis- 

faction problems (DCSPs) in which variables of a CSP are distributed among a,gents. 

Each agent has a subset of the  variables and tries to instantiate t,heir values. Con- 

straints may exist behveen variables of different agents and t.he inslantiat,ions of the 

variables must satisfy these interagent constraints. The final solution is grnerated by 

merging part.ial instantiations that satisfy the problem const,raints. 

[Yokoo, Durfee, Ishida &i Kuwabara 19921 developed an asynchronous backbracking 

algorithm for CSPs where agents can asynchronously instant,iate their values. lntrr- 

agent constraints are t,he responsibility of a subset of agents who know the constraint 

predicates. .4 total order relationship among agents is adopted to regulate changes 

of variable inslantiat,ions. 'The algorithm is complete. Experiments were conducted 

on the N-Queen problems. 

[Collin, Dec.hter & Katz 19911 presented an almost-uniform (distinguishiIig onc 

node from the others) asynchronous network consistency prot,ocol associated with a 

r.onstraint graph. For tree-like networks, the existence of an uniform asynchronous 

protocol that guarantees convergence was also demonstrated. The worse-case time 

complexity of t h e  distributed protocol i s  exponent,ial in the depth of the dept.h-first 

search t Tee. 

Various problems that involvemultipleagents have also been considered as 1)CSPs. 

For example, [Huhns xd Bridgeland 19911 presented an approach to distributrd truth 

maintenance that guarantees consistency across knowledge bases of multiple agent,s. 

The approach is based on a justification-based truth ma.intenance system, in which 

every datum has a set, of justifications and an associated st.atus of IN (believcd) or 

OUT (disbelieved). The distributcd truth maintenance algorithm is used to rest,orc 

consistency when a consistent stat,e is disrupted by altering the just,ification for a 
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dat,uin. Thc problem is considered a,s a DCSP because of the interdcpendence of the 

st,atus o l  data. 

[C'onryl Kuwaha.ra, Lesser k Meyer 19911 developed a multistage negotiation pro- 

t,ocol that deals wit,h goal satisfaction of multiple agents, with each goal rcqiiiring 

a coordinated set of actions distributed over the network. The protocol consist,s of 

three phases - an asynchronous search phase, a coordinated search phase, arid an 

over-constrained resolution phase in which goals can be abandoned. AII example 

problem was presented in the cont,ext of transmission path restoral for a dedicated 

circuit in a communication network. The  problem is considered as a DCSP beca,iise 

of the cornhination of local resource constraints and global interdependent constraint,s 

from the requirement of coordinated actions among nodes 

1.4.3 Distributed Manufacturing Scheduling 

Manufacturing environments have long been considered as requiring distrihuled ap- 

proaches due to t,heir complexity and the inherent distribution of activities. We review 

some of the better known examples of distributed production control systems. 

[Parunak 1987) presented a contract net [Davis &- Smith 19831 approach to factory 

control. A protot,ype system, YAhlS, was developed to apportion tasks by the bidding 

and awa.rding mechanism. YAMS models a factory as a hierarchy of work cclls. Each 

work cell corresponds to a node in a contract net and is a negotiating entity that 

can cornnmnicat.e both vmtically and laterally. The system deals wit,h real time task 

allocation and control. 

[Smith K L  Hynynen 19871 presented a syst,em consisting of cooperative opportnnis- 

tic schedulers [Smith, Ow, Lepape, Mclaren & Muscettola 19861, decentrdized ac- 

cording to a hierarchical factory model and communicated via messagc pa,ssing, T h e  

approach to scheduling decentralization wras based on the multiple levcls of descrip- 

tion provided by a factory hierarchy. Three dimensions are considered for schcduling 

distribution - portion of manufacturing process considered, level of precision or the 

rna.intairied schedule, and time horizon. Vertical and lateral communicat,ion betwecn 

nodes are considered as constraint posting and status updating. Overall, the work 
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suggested a. modelling framework for decentralized factory scheduling. 

[Burke 6: Prosser 19891 presented a distributed asynchronous scheduling system 

(DAS) that has four components - (1) a structural representation of resourccsI oper- 

at,ions, and plans, (2) an activc representation of the schedule: (3) scheduling agents, 

and (4) a mechanism for coordinating scheduling effort. iZ hierarchy of units in three 

levels, corresponding to individual resourccs, groups of similar resources, and the 

whole factory? is envisioned. Agents represent,ing individual resources arc responsible 

for allocating start times to operations. The middle-level agents are responsible for 

the delegat,ion of work t,o and retraction of work from individual resources. The top 

level agent performs the release of work into the factory and conflict, resolution by 

inter-agent backtmcking and constraint relaxation. Scheduling effort is coordimted 

iinplicitly by prioritizing of messages among agents. 

[Hadavi, Shahraray k Voigt 19901 presented the Fkquirement Driven Scheduling 

( KeDS) architecture that performs dynamic, real-time factory scheduling. The system 

r.onsists of four primary component,s - preprocessing, feasibility analysis (FA): detailed 

scheduling (DS), and sequencing. The preprocessor determines the time boundary of 

a new order given all the needed resources. A qualitative analysis is perforturd in thc 

FA to see if constraint relaxation, such as adding shifts and extending due dates, arc 

nceded for the new order. With the input from FA, DS is responsible for generating 

a tentative schedule in the granularity of a day. Sequencing of orders within a Jay 

is conducted by dispatching. The system also includes a simulation module that 

allows “what,-if” type questioning and verification of the generated schedule., and a 

statisticia,n module that collects data for adjustment, of the syst,eni and management 

decisions. 

[Sycaral Roth, Sadeh gL Fox 19911 presented an approach to distribut,ed job shop 

scheduling based on distribut,ed constraint heuristic search. Jobs are partitioned and 

delegated to agents in an ad hoc way. Each resource is monitored by some agcnt who 

is responsible t,o register and grant requests of resource reservation. Agents perform 

asynchronous heuristic search on their subproblems based on a. variable and value 

ordering heuristic that relies on proba,bilistic resource demand profiles. A distri but.etl 
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asynchronous backjurriping algorithm was dcveloped t.o extcnd the dislrihntcd search. 

A coinmunication protocol via message passing t,hat coordinaks ageilk' prohlrm sol\.- 

ing was also presented. Experiments were conducted to determinc t,he feasibility of 

the approach and to test the parameters that influence system performance. 
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Chapter 2 

Coordinated Reactive Agents for 

Distributed Job Shop Scheduling 

Constraint Sat isfaction 

In this chapter, we present a distributed approach, called Constraint Partit.ion aud 

Coordinated Reaction (CP&CR]: to job shop scheduling constraint satisfaction based 

on reactive age.nts and evaluate its perforrnancc in benchmark problems. Section 2.1 

formally defines a structural decomposition of constraint satisfaction problems based 

on const,raint type and constraint, connectivity. Section 2.2 describes a society of 

reactive agents where each agent is assigned to a constraint cluster and a solution to a 

CSP is t,he result of the collective behavior of the agents. The coordination strategies 

and coordination information for these reactive agents are specified in section 2.3. 

The actual r eadon  heuristics that embody the coordination techniques are detailed 

in section 2.4. In section 2.5, we illustrate the resultant scheduling system, called 

CORA (Coordinated Reactive Agents): for solving job shop scheduling CSPs. Finally? 

section 2.6 reports the experimental study of evaluating COR4 in several aspect,s, 

such as utility of coordination information: problem solving efficacy, effects of init,ial 

solution, and scaling up performance. In the last, part of sect,ion 2.6: wc a,lso discuss 

t,he a.dvaatages and limitations of CORA. 

35 



Coordinated Reactive Agents for Distributed Job Shop Scheduling 
36 Constraint Satisfaction 

2 , l  Constraint Partition & Problem Decomposi- 

tion 

Constraints label relations between variables that specif?. how the values of variables 

are restricted for compatibility. Recent constraint satisfact.ion literature has bcgun to  

consider CSPs in distributed settings [Collin et al. 19911 [Yokoo et al. I Y E ] .  However: 

work on disbribut.ed CSPs has either assigned each variable to an agent or has assigned 

each agent to variables grouped in ad hoc ways. Motivated by the belief that, prublem 

decomposition for effective multiagent systems should be guided by problem struc- 

ture. we formally define constraint characteristics (e.g., constraint type! const,raint 

connectivity) for NCSPs as the basis for our rnultiagent approach in constraint, sat,- 

isfaction and constraint optimization. CP&CR assumes that an YCSP has at Iea.st 

t,rvo types of constraints. 

Definition 1: Constraint Type - We classify quantit,ative const,raints by dif- 

ferences i n  the numerical compatibility between two variables, (xi, z;). Four types 

of qnantitat,ive constraints are identified by the differences of how the value of ,rj is 

restrict,cd when x; is instantiated to a value I ! ; ,  

1. adherence lype - A constraint is of adherence type if the instantiation of a. 

variable, xil t,o the valuev; restricts the instantiation of another variable, xj, to 

a.11 individual point in the domain. For example, z; + const = x;. 

2. c~clusion-a.round t ype  - A constmint is of exclusion-around t,ype if the instan- 

tiation of a variable, z;, to the value ui restricts the instantia.tion of  another 

variable, sj: from a subscction within certain distances from vz. For example, 

:P; + comt # zj? or (xi + const; 5 z j )  V (z; 2 xj + cmstj),const;: constj > 0. 

3.  mclusion-o$ type - A constraint is of exclusion-off type if t,he inst,antiation of 

a nriable, z;, to the value v; restricts t.he instantiation of anot,her variable, xj, 

from a connected subsection of the domain with a boundary set by vi. For 

example, z; + conwt <_ xj. 
~~ 
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1. in.c/usion-around type - A constraint is of inclusion-a,round type if the instm- 

tiation of a variable? i;, to the value 'vi restricts the instantiation of another 

variable. z j ,  wit,hin a connectcd subsection of the domain with boundaries set, 

by vi. For example, ( x i  - coast; _< ij) A (xi 2 zj - coast,), const;, co71.sl.j > 0. 

Figurc 2.1 illustrates the four types of numerical constraints betwccn si and z,i. 

A black dot represent,s a valuel vi, that has been assigned t,o a variable, 3:;. An empty 

dot represents the only possible d u e  for the other variable. z j ,  A shaded region 

(cither open or closed) rcpresents an interval within which an instantiation of the 

other variable, sj, will violat,e the constraint. 

- - ~ V // // / / A 
realline real line 

Adherence constraint Exclusion-aroundconstraint 
X i  + c o n s f  = X j  ( X i + c o n s t i 5 X j ) v ( X i _ >  X j + c o n s t j )  

26%- real line 
Exclusion-off constraint Inclusion-around constraint 

Xi + const 5 X j  (Xi - const i 5 Xj) A ( X i 2  X j  - constj) 

Figure 2.1: Constraint types classification 

1% illust,rate how our definitions can describe the constraints of some well known 

CSPs. In t,he N-Queen problem, both vertical attack constraint,s (q; # q j , %  # j,l and 

diagonal attack constraints (4; # pj + ( j  - i) Aq; # qj - ( j  - 2)) are of exclusion-a.rouId 

type. In the Zebra problem [Dechter 19861 [Smith 19921, association constraints (q., 

the Englishman lives in the red house, House(Eng1ishman) = IIouse(Red)) are of 

adherence type, and singlcoccupancy constraints (e.g., each attribute. such as pet. 

color, etc., must, be assigned to each house, House(Red) # House(B1ue) A House(Red) 

# House(Green) A House(B1ue) # House(B1ue) A , .  .) are of exclusion-around type. 

Definit ion 2: Constraint Connectivity - Two constraints are said lo be con: 

ritcled i f f  the intersection of their variable sets us() is not empty. This implies t h a t  

t,hey have constrained variables in common. 

cp and cq are connec.ted u s ( c p )  nus(c.,) # 0. 
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Definition 3: Constraint Partition is a scheme to decompose a11 NCSP into 

a sct. of subproblems by const,raint. type and constraint connectivity (see Figure 2.2). 

Tivo types of constraint grouping, consfra.%n.l bunch,, and constraint chstcr .  are intru- 

duced by the decomposition scheme. 

Constraint Bunch C) 

x 3 
0- - -xzo-- - - -  -ox 

X@--. x p  ... .-Q 
6 Constraint Network 

X7&&., - . . -q(  
9 c1.1 c1,2 '1.3 

Constraint Clusters 
Constraint Bunch C-, 

- ConstraintType 1-----  X 

Constraint Type 2- 
C2,l c2,2 c2,3 

Figure 2.2: Constraint partition 

A constraint bunch, Ci> is a set of constraints of t.he same constraint type. An 

operator, p l (  is defined that, part,it,ions t,he constraint set C of an YCSP i n k  a 

set, of constraint bunches, C;, according to  constraint type. The resulting set of 

constraint bunches can be denoted by C'. An operator, denoted by type(  ); ident,ifies 

the c.onst,raint. type of a constraint bunch. A constraint bunch has the following 

propcrt ie.s. 

0 pb( C )  = { C;} = C' 
a c; partition c 

type(&;) # type(Cj), i # j 
-3, constraint cluster, C+, is a set of constraints which are of t,he samc constraint 

type and are connected t.o each other. An operator, pc( ), is defined that partit,ions a 

set of constraint, bunches into a set of constraint clust,ers, C", according to const,raint 

connectiuit,y. A const,raint. cluster has the following properties. 

pc(C') = {cz.m} = C" 
~~~ 
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Constraint clust.ers of th.c sa.mt constraint f y p e  have n o  unrinblw i n  common 

If u. constrailnt c l v s k r  contai.ns m.ore t.han one constraint. cach cortstraint .i.y 

d t o  ut  least one other constra.inf in  thc constraint chs fe r  

Constraint partition provides a structural decomposition of an XCSP into a set 

of subproblcms, each of which is concerned with the sat.isCaction of co~istraint,~ in a 

constraint cluster. .4 solut,ion to a subproblem is an instantiation of the variables i n  

the constraint clust.er such that none of the constraints in the subproblem is violat,ed. 

When all subproblems a,re solved, a, solution of the YCSP is found. In our rnultiagcnt, 

constraint satisfaction approach, we assign an agent t,o each subproblem (constraint, 

cluster). b c h  agent has full jurisdiction over variables in the variable set of t,he as- 

signed constraint clust,er. A variable constrained by more than one type o€ constra.int 

is under t,hc jurisdiction of more than one agent. -4gents responsible for the s a n e  

varia.ble have the same aut,hority on its value, i.e., they can indepe.ndently c.hange its 

valiie. Therefore, a given value of a given variable is part of a solution, if i t  is cigr-rrd 

upon by all its responsible agents in the sense that no agent seeks to further changr 

i t .  

We apply const,raint, partition t,o decompose a job shop scheduling CSP. Thc p h (  j 

operator partitions the constraint set into two constraint bunches: it constraint bunch 

of czchsion-oj’J constraints to express temporal precedencc conskaints on operations 

within each job’, and a constraint bunch of exclusion-around constraints to cxpress 

capacity constraints on resources. The p c ( )  operator further partitions thc constraint 

bunches into a set of constraint clusters corresponding to jobs or resources. Each job 

is a const,raint cluster of exclusion-off constraints a,nd is assigned to a j o b  a.ytnt. Fach 

job a,gent is responsible for enforcing temporal precedence constraints within t.he job, 

Sirnilarly~ each resource is a constraint cluster of exclusion-around constraints and is 

assigned to a resource a.yent. Each resource agent is responsible for enforcing capxi ty  

c,onstra.int,s on the resource. Therefore. for a given scheduling problem decomposed 

by a const,raint partition, the number of subproblems [and the number of agent.s) is 

‘Rrlease and d n ~  dates constraints arc considered as temporal precedence constkinla betrvcrn 
operations and fixed t ime  points and are included in the exclusion-off constraint hunch. 

~ ~~ 
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cqiial t o  the slim of the numbcr of jobs plus the  number of resources. 

Decomposition of an NCSP by const,ra,int partition results in three uniqiie feat.ures 

of CPkCR. First, each subproblem involves only oue type of constraint among a, 

siihset of variables and can be solved by a very simple agent. Secondl sincc ea,ch 

constraint cluster is assigned t,o an agent, t,here are no interagent constraints. This 

means that no agent, has to he designated to enforce the interagent constraints. There 

is n o  authority relation among agents. Agent,s are in a flat st,ruct,i~re. All agents have 

equal right lo assign a value t.o a variable under its jurisdiction. Third, an agcnt,'s 

responsibility of a variable is overlapped with another agent. In job-shop scheduling, 

an operation is governed both by a job agent and a resource agent. This means t.hat 

changes of operation start times by job agents may result in constraint violations for 

resource agent,s and vice-versa. 'Therefore, coordinat,ion between agents is crucial for 

prompt convergence on a final solution. 

2.2 A Society of Reactive Agents 

In t,he hamework of CP&CR, problem solving of an NCSP is transformed into collec- 

t,ive behaviors of reactive agents. Variables of an YCSP are regarded as objeck that 

c,onstitute an agent environment. An instantiation of the variables characterizes a 

particular state of the environment. Each agent examines and makes changes to only 

it.s local environment, (mriables under its responsibility), and seeks for satisfaction by 

ensuring that no constraint in its assigned constraint cluster is violated. \,Vhen an 

agent detects constraint violations, it reac.ts by changing the instantiated values of 

some of the variables under its jurisdiction so that it becomes satisfied. 

Agents are equipped wit,h only primitive behavior. When activated, each agent 

reacts to the current s t a k  of the environment by going through an Examine-Resolve- 

Ericodc cycle (sec Figure 2.3). It first examines its local view of the current enviroii- 

merit,, i.e. the values of the variables under it,s jurisdiction. If there are constraint 

violations, it changes variable instantiations to resolve conflict,s according to irinatc 

hciiristics and coordination information. 

Coordination of Reactive Agents i n  Distributed Manufacturing Scheduling 
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Activated - Resolve Conflicts 

Reaction of Agent 
- Idle 

Figure 2.3: Agent’s reactivc behavior 

Agents coordinate by passive communication. They do not communicate. wit,h 

each other dircctly. Instead, each agent reads and writes coordination information 

associated with e x h  variable under its ,jurisdiction. Coordination information on a 

vwiable represents an agent’s partial “view” on the current state of the environment 

and is consuked when other agents are considering changing the current instantiat,ion 

of the variable to resolve their conflicts. Each time a,n agent is actimtcd and has 

ensured its satisfaction, i t  writes down its view on current instantiations on each 

variable under it.s jurisdiction as coordination information. 

Agent,s are classified ac.cording to perspective (e.g., constraint type). For ex- 

ample, in job shop scheduling problems, one agent type is responsible for resolving 

capacity constraints, whereas another agent type is responsible for resolving temporal 

precedence constraints. A variable is under the jurisdiction of agents from different 

perspcrtives. .4gents of different types are activated in t,urn, while agents of the same 

type can be activated simultaneously. An iteration cycle is an interval in which all 

agents are activated once. An initial inst,antiation of all variables is constructed by 

a subset of agents. The agents, then, arrive at a. solution through collectivr and 

successive modifications. 

Figure 2.4 shows a society of reactive agents for a simple problem that involves only 

four variables, v1, v2, v3, v4 .  whose instantiations are restrict,ed by four c.onstra.ints 

of two differcnt types. Variables are assigned t,o two subgroups of agents, in which 

subgroup A is responsible for constraint type 2 ;  and subgroup R is responsible for 

constmint type 1.  Within a subgroup, each agent is in c.harge of a subset of variables 

that arc not connected to  the other variables by the same type of const.ra,iIlls. For 

. I .  1,iu 
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^\/vv constraint type I 
-~ ,~ ~: , ,ll’ll:- constraint type2 Envirunme 

Evolving Process: 

Initialization-C *’ HI B1 
A2 A2 B 2 ,  I 

Agent 0 B2 
- 

Iteration cycle 

Figure 2.4: Societ,y of Reactive Agents 

examplel agent A I  is assigned to variables VI and v4; agent, A2 is assigned to mriable 

u2 and v3. Similarly, agent B1 is responsible for variable v l  and v2; agent H2 is 

responsible for variable v3 and v4. Variables constitute the agents’ environments. 

Agent,s “perceive” only their local environments in t.he sense that they examine and 

make changes to only the variables under their jurisdiction. After initialization where 

all variables are instantiat,ed, agents of the same type (subgroup A or subgroup B) 

can he activated simultaneously. An iteration cycle consists of activation of all agcnt 

subgroups (subgroup h and subgroup B). The process continues unt i l  all agents are 

s d s f i e d  and do not change values of any variables. 

2.3 Design of Coordination Mechanism 

As we mentioned earlier, since agents have partially overlapped jurisdiction over vari- 

ables, changcs of variable inst,antiation by one type of agent may result in constraint 

violations in the other type of agent,. Figure 2.5 shows a particular state of the so- 

lution cvolution process in a simple job shop scheduling problem that includes only 

three jobs on three resources. is a job agent and Rj is a resource agent. Each 

box is an operation ~ with the first number representing the number of the ,job and 

the second number representing its sequence within the job: i.e., uprz3 is the third 
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operat,ioii of J 2 .  An opetakion is under the jurisdiction of a job agent and a resource 

agcnt. 111 the particular state, Jl is the only agent who is not sat,isfietl. because the 

precedence constraint, between op-12 and opr13 is violat,ed. In order to sat,isfy its 

precedence constraint and due date constraint, Job1 agent would need to change t,hc 

start. t.ime of oprlz to an earlier time so that opi-12 would be finished beforc t,he start 

lime of opr13. 'This change of  start time of oprlz would cause a c,apacity const,rai~il 

violation between opr22 and oprlz in Ry agent. Suppose Ry agent decides to inter- 

change (or swap) opr22 and op-12. This action would cause a precedence coIistraint, 

violation bctween oprzZ and opr23 in Jz agent. 

:m 1 

Due date 
~ 13 

Release date 

1 1 1 '  ; 1 12: I Res .Xi  1 31:1 1 21 1 
72 time line 

lob 1 

Job 2 ' 1  22 1 pm 1 Res.Y j r j 1 i32 i 1 22 1 12: 1 
time line 

I 1 :  80 
J o b 3  [ 31 1 I '32  i (  : Res. Z \ (11Ji : 1: 33 3 1 37 

time line ~~ 

0 20 40 60 70 0 20 40 60 80 

Figure 2.5: A State of the Evolution Process 

A s  the group of agents are reacting to local constraint violat,ions, violations of 

different types of constraints occur alternately due to the agents' local modificakions 

of wriable instantiations. In order to facilitate group convergence toward an instan- 

tialion of variables accepted by all, we need t.o develop a coordination mechanism 

that regulates cach agent behavior by specifying the agent's role: the communimted 

inforniat,ion: and the agent reaction heuristics. 

2.3.1 Coordination Strategy 

We develop coordinat,ion strategies that promote rapid convergence by considering 

the following principles of interaction control. 

1 .  Least distu.rbance - Each agent's ac.tion of changing the start timeof an operation 

potentially dist,urbs others' satisfaction st,atus. To minimize reciprocal harmful 

J .  Liu 
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interaction. agenbs' actions should take into account the constraints oC othcrs 

regarding current variable instantiation. 

2. is lands of reliability - A sohition to t.hc most constrained subproblern is more 

likely to be part of a global solution than that of less const,rained subproblems2 

and: thcrefore, can serve as an anchor of interaction. This intuition also incorpo- 

rates domain knowledge of job shop scheduling, where the processing sequence 

on t,he bottleneck resource has the most, impact on the quality of t,he schedule. 

This policy suggests that group Convergence should be reached by a process 

of evolviug coherent group decision-making based on zs6and.9 of reliability. and 

modifying islands of reliability only when group convergence is heuristically 

determined as infeasible under current assumptions. 

.'I. Loop prwent ion - Looping behaviors, such as oscillatory value changes by a sub- 

Set of agcnts. should be prevented. This is common for all distributed systerns. 

We now give a conceptual overview of how these principles guide coordination of 

bhe reactivc agents. 

Least disturbance 

Least disturbance corresponds to an attempt to  minimize ripple effects of the agents' 

act,ions. To reach group convergence, t,he number of unsatisfied agents within a n  

iterat,ion cycle should be gradually reduced to zero. While an agent always becomes 

sat,isficd in an iteration cycle, since it instantiates its variables lo satisfy only it,s own 

constraints, its actions may cause constraint violations to other agents. Therefore: 

an agent should resolve conflicts in a way that minimizes its disturbance of other 

a,gents. Least disturbance is incorporated in an agent's heuristics of conflict resolution 

'111 traditional constraint satisfaction literatures[Nadel 19891, there was a not,ion of I.he most 
constrained variable which has thc fewest possible values. The intuition was instantiating t.hc most 
constrained variable seemed to be more critical than instantiating other less constrained variables, 
and the instantiation wonld be more likely to  be correct than the inst.antiation of variables with 
large domains of possible values. We extend this intuit,ion to  CPkCR, in which a subset of variables 
instantiated from a local perspective t,hat are most constrained seems to be more reliable. 

Coordi~iation of R e a d v c  Agents in Distributed Manufacturing Schcduling 
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(scc section 2.4). The least distiirbance principle is operationalized during r.onflict 

resolution in two ways. First, an agent changes the instantiated d u e s  of as few 

variables as possible. Second: for a given selected variable, an agent changes the 

instantiated value such that it deviat,es from the previous value the least possible. 

Islands of reliability 

An island of relia.bility is a subset o l  varkbles whose consistcnt insta.ntia.ted values .are 

more likely than others to be part of the solution. In particular. islands of reliability 

should correspond to the most critical constraint clusters: Le., clusters whose variablcs 

haw the least flexibility in satisflring their constraints. Islands of reliability provide 

anchoring for reaching group convergence in terms of propagating more promising 

partial solutions and are changed less often.2 A variable that is a member of a,n is- 

land of reliability is called a seed variable. A variable that is not a seed variable is a 

? - c p l a r  i!a.riable. Division of seed and regular variables reflects the inherent structure 

of the problem. The division is static and is complemented by the dynamic interaction 

among different kinds of agents as described below. In job shop scheduling, a hottle- 

ncck 'resource is the most contended resource among the resources? and corresponds 

to the most. crhical constraint cluster. The set of operations contending for t.hc use 

of a bottleneck resource constitutes an island of rcliability. Therefore, a bottleneck 

operation is a seed variable; a nonbottleneck operat,ion is a regular variable. 

Each agent assumes a role depending on the types of variables it controls. Donz- 

inant agents are responsible only for seed variables and, therefore, are iri charge of 

making decisions within islands of reliability. Intermediak a.gen.fs control variable 

sets including both seed variables and regular variables. Submissice agents .we rc- 

sponsible for only regular variables. In job shop scheduling, a bott,lencck resource 

agent assumes the role of a dominant a.gent, a regular resource agent is a submissive. 

3BIackhoard systems (e.g., Hearsay-11 speech-understanding system [E.rman Hayes-Rdh, Lesscr 
k Reddy 19801) have used t,he notion of solution islands to conduct an incremental and opportunistic 
problem solving process. Partial solution islands emerge and grow into larger islandsl which it is 
hopcd will culminate in a hypothesis spanning the entire solution structure. In CP&CR. islands of 
reliability refer Lo partial solutions fromsome local perspectives and are used as anchors ofinter.lction 
during the iterative solution repairing process from different local perspectives. 
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agent. and a, job agent is an intermediate agent. Wr assume t,hat each job has at. l eas t  

one operat,ion contending for the bottleneck resources. This assumption is nec.essar\; 

for the CPh.C!R approach, so t h a t  the decisions by the dominant agent can propgate  

to all part,s of the solution through intermedia,te agents. 

lntcrmediate agents interact. with submissive agents in a group effort to evolvc a n  

iristant,iation of regular variables compatible with the decisions of doIriina.nt agent,s 

rrgarding seed variables. A counter associated with each regular variable records the 

niimber of t,iines that a submissive agent has changed the value of thc regular varia.ble 

and: t,hus, provides an estimat,e of the search efforts of interrnediatc and submissive 

agent,s to comply with islands of reliabilit,y. Intermediate agents monitor the xralue of 

t,he counter associat.ed with the regular variables under their jurisdiction. Whr i i  the 

count,er of a conflicting regular variable exceeds a threshold, the intermediate agent, 

inst.ead of changing the conflicting regular variable again, changes t,he valiir of ibs 

seed variables4. In response to value changes in seed variables that result in conflicts, 

t.he dominant agent modifies its decisions on islands of reliability5. 4 1 1  counters arc 

rcsrt t,u zcro and, t,herefore, intermediate and submissive agents resume the cfforts to 

evolve a compt ib le  instantiation of regular variables. 

Loop prevention 

Under t,he principles of least disturbance and islands of reliability, the system exhibits 

only two t,ypes of cyclic behavior. First, a subset of intermediate and submissive 

agents may be involved in cyclic value changes in order to find an instant.iat,ion cor~i- 

pati hle with dominant agents' decisions. Secondly, a dominant, agent may be changing 

the value of its seed variables in a cyc.lic way. 

'The first type of looping behavior is interrupted by intermediate agents when the 

counter of a conflicting regular variable exceeds a threshold. To prevent the second 

type of looping behavior, a dominant agent keeps a history of it.s value changes so 

that it, does not repeat the same configuration of variable instantiations. 

41)et,aila of job agents' reaction heuristics are describcd in section 2.4 
"Details of b u t t h e c k  resource agents' reaction heuristics are described in section 2.4 

-__- 
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Bottleneck Tag 
Resource Slack 

2.3.2 Coordination Information 

Temporal Slack 
Weight 

In order t,o coordinate. their actions, agent,s need to exchange informatmion. We drvcl- 

oped a set of useful coordination information for reactive agents in job shop schedul- 

ing. Coordination information written by a job a,genl on an operation is refercncrd 

by a. resourcc agent, and viceversa> as shown in Figure 2.6. 

( Job Agent Resource Agent) 

I I 

Job i 
J. 4 i2 1 i3 lid1 is 

time line 
Boundary of opr-il 

Figure 2.6: Coordination in for ma ti or^ 

Job agents provide the following coordination information for resource agents 

1. Boundary of an operation is the interval between the earliest start time and 

latest, finish time of the operation (see Figure 2.7). It represent.s the overall 

temporal flexibility of an operation within the time window of a job’s relrase 

date and duc date and is calculated only once during initial activation of job 

agents. 

Relea e date f r  Boundary of opr-i2 

earliest start time 
of opr-il 

latest finish time 
of opr-il 

Figure 2.7: Coordination information: Boundary 
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2. 7’eriipor.a.l Slack of an operation is an interval between the current finish h i e  

of the prex;ious operation and current start time of the next. operation (see 

Figiire 2.8).  It indicat,cs the temporal range within which bhe st,art timr of 

a,n operation may he assigned to without causing precedence constraint. viola- 

tions. (This is not guaranteed since temporal slacks of adjaccnt operat,ions are 

overlapping with each other.) 

Releas: 

Job i 

Dued te i date Temporal Slack of opr-i2 

il 

time line 1 
current start time 

J 
current finish time 

of opr-il of upr-i3 

Figure 2.8: Coordination information: Temporal Slack 

v 

3.  Wright of an operation is the weighted sum of relat,ive temporal slack with 

respect to operation boundary and relative temporal slack with respect to the 

interval bound by the closest bot,tleneck operation. Denote the boundary of an 

operation oprij by (st:,, et!,). Denote the temporal slack of oprij as (st: ; .  et:;), 

Denote the interval of opr;j restricted by the closest bottleneck operat~ion as 

(st!:; eta,”). If t,here is no bottleneck operation before op-;j: then st:: = st!,. If 

there is a bottleneck operation opr)Pik before oprjj, k < j ,  then .stC;b = e t i k  + 
cj-1 h = b p ; / A r  where e t i k  is the current end time of opr;k. If there is no bott1encr.k 

operation after oprij, then et!: = et:j. If there is a bottleneck operation oprik 

aft.er o p ~ i ~ ,  k > j, then et): = s t i k  - Ci=i+, pi,,, where s f i k  is the current starl 

time of oprik. The weight of an operation is defined a s  

i 3 I  l i d ]  I i5 1 

where pij is t.he processing time of the opera.tion oprij, and kl and k:, are ad- 

justing parameters. We arbitrarily set kl t o  10 and k2 to 5. 

The weight of an operation is a meamre of the likelihood of the opcration 
~ ~~ 
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rT  1121 I i3 I rn rn 
A I time line 

boundary of opr-il 

“humping” into an adjacent operation and an adjacent bottleneck operat,ion, if 

its start time is changed. Therefore, a high weight of an opcration reprrsents a 

job agent’s preference for not changing the current start, time of the operation. 

In Figure 2.9: both oprix and opr,3 are bottleneck operations. Oprjl of ,I;  will 

have a highcr weight t,lian that of opr;l of J;. If both operations usc t,he same. 

resource and are involved in a resource capacity conflict. t,hc resourcc agent. will 

change the start time of opril rat,her than the start time of opr j j ,  

Release date Job i Due date 
temp+ slack of opr-fl I 

Release date Jobj Due date 

I I 
bottleneck operation 

j l  I j 2  I j 3  I m m 
I 

time line 

Figure 2.9: C,oordination information: Weight 

Rcsource agents provide the following coordination information for job agcnts. 

1. Bottleneck Tagis a tag that marks that this operation uses a bottleneck resourcr. 

It indicates the seed variable status of the operation. 

2. Resource Slack of an operation is an interval between the current finish time 

of the previous operation and the current start time of the next operatioil iu 

the resource’s processing sequence (see Figure 2.10). It indicates the rangc of 

t,ime interval in which the start time of the operation may be changed wit,houl 

causing capacity constraint violations. (There is no guarant,ce, since resuurce 

slacks of adjacent operations are overlapping with each other.) 
~ __~  - ~ ~ _ _ _ _ _  
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3. Chuiigc Frrquencyof an operation is a counter ofhow many times the start bimc 

of this regular operation set by a job agent has been changed by a submissive 

resource agent. Whenever a submissive resource agent changes thr start. time of 

an operation, it increases the change frequency ofthe operation by one. Concep- 

tually, change frequency measures the search effort of job and regular resource 

agents between each modification on start times of bottleneck operations. In 
addition, when a regular resource agent detects a highly contended resource 

int,erval, change frequency can be used by the submissive resource agent, t,o 

propagate it,s decisions on the dynamically arised bottleneck resource intervals 

by setting the counter to a number larger than a threshold. W e  heuristically 

set the threshold of change frequency to 3. When a job agent eiicount.ers a 

conflicting operation with change frequency larger than 3, it resolves conflict by 

changing the start time of the bottleneck operation, and therefore, signals t.o t,hc 

hott,leneck resource agent that a new configuration of t,he anchor subsolution is 

required. 

1 

Coordination information among agents is associated with each variable by its 

responsible agents. When an agent is resolving constraint violations on a. varia.ble 

under its responsibility. the coordination information provided by the other a.gent,s 

that. govern the same variable is used in decision-making. We classify the c.oordiiiation 

information into two types, disturbance injorpnation and domin.ance injormafion. 

Disturbance information reveals how the variable is constrained by an agent re- 

garding potential value changes in two forms. One form of disturbarice information: 

siich as boundary, temporal slack, and resource slack, is an interval of values in which 

the vxiable may be instant.iat.ed free of conflic.ts. The other form of disturbaace 

iriformation, such as weight, is a value that represents a heuristic estimation of t.he 

Cuordina.lion of Reactive Agents in Distributed Manufacturing Scheduling 
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likelihood of the uariahle being ini&;etl in conflict,s with another variable in the same 

cIiist.er, if it.s instantiated value is changed. Different disturbance inforiimtion i s  used 

by intermediate agent,s and submissive agents in their innate heuristics of least dis- 

turbance. Dominance information indicales special status of seed variables. such its 

bottleneck tag, and measures the search effort, such as change frequency, of int,er- 

rr1ediat.e and suhniissive agent.s bet,ween each modification on islands of reliability. 

Search efforts are estimated in the form of the number of times the value of  each 

regular variable is changed by a submissive agent. This type uf information is used 

hy int.ermediate agents t o  recognize seed variables and decide when to cha.nge the cur- 

rent. instantiat,ion of seed variables. The following section describes how each agent 

behaves under the influence of coordination information. 

2.4 Agents' Reaction Heuristics 

Agmts' r e a d o n  heurist,ics attempt to  minimize the ripple effects of causing conflicts 

to other agents as a result of fixing the current constraint violations. C,onflict min- 

imization is achieved by minimizing the number and extent of  operation start t.ime 

changes.. 'The design of agents' behavior incorporates the coordination strategies and 

t,he use of coordh t ion  information. 

2.4.1 Reaction Heuristics of Job Agent 

Job agcnts resolve conflicts by considering conflict pairs. 4 conflict pair involves 

two adjacent operations whose current start times violate the precedence constraint 

between them (see Figure 2.11). Conflict pairs are resolved one by one. A conflict 

pair involving a bottleneck operation is given a higher conflict resolution priority. 

To resolve a conflict pair, job agents essentially determine which operation's current 

start time should be changed. If a conflict pair includes a bottleneck and a r e p -  

lar operation, depending on whether the change frequency counter on the regular 

operat,ion in the conflict pair is still under a threshold, job agcnt,s cha.nge the start, 

time uf &her the regular or the bottleneck operation. For conflict pairs of regular 
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operatioils, job agents takc int,o consideration addilional factors. such as houndary, 

t,cmporal slack, change frequency, and resource slack of  each operation. If one of t.he 

two operations can bc changed within its boundary and resourcc slack, job agents 

will changc that o p e r a h n .  Otherwise, job agents change the operation wi th  lower 

change frequency. In any conditions, depending on t,he precedence relation between 

t.he two operations. the start time of thc selected operation is changed t.o a value t l d  

is either thc end time o l  the other operation or the start time of the obhcr oper a.ton t '  

minus i,he processing time of the selected operation. 

Job Agent i 

bottleneck operation 
l i 5  I 1 i3 1 

T T1 I t time line 

considered changes of s tar t  times 

bottleneck conflict pair: opr-i3 current start time minus T2 

regular conflict pair: opr-il current star time minus TI 

regular conflict pair: opr-i4 current star time minus T3 

opr-i4 

opr-i2 

current start time plus T2 

current start time plus TI 

opr-15 current start time plus T3 

Figure 2.11: Conflict Resolution of Job Agent 

. 111 Figure 2.11, the conflict pair of  OPT^^ and opri4 will be resolved first? since oprc3 

is a botblencck operat,ion. If the change frequency of OPT;, is still below a thrcshold, 

the start time of opri4 will be changed by an addition of T2  jt.he distance hetween 

the current start time olopri4 and current end time of opri3) to its currcnt start time. 

Otherwise, the start time of  OpT(3 will be changed by a subtractiom of  T2 from it,s 

current, start t,irne. In both cases, t,he start time of opri5 will be changed to the end 

tirnc of opri4. To resolve the conflict pair of opril and opri2> either start time of op;, 

will be changed by a subtraction of TI from its current start time or s h r t  time of 

opri2 will be changed by an addition of T1 to its current start time. The decision is 

based on thc boundary, temporal slack, resource slack, and change frequency of both 

Coordiiiation of Reactive Agents in Distributed Manufxturing Scheduling 
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operat ions. 

Job agenls play the role of intcrmediatc agents. We describe an abstract algorith 

rnic behavior of an intermediate agent. as follows: 

1 .  Examine thc instantiations of variablcs under its jurisdiction. If all const,raints 

are satisfied, go to step 3. 

2 .  R.esolve conflicts. Use the dominancc information on the variables marked by 

dominant agents to recognize seed variables. 

(a) For conflicts involving seed variables, 

Consult the dominance information (change freque1ic.y counter) on 

the conflicting regular variable written by a submissive agent. If t.he 

counter has exceeded a threshold, change the instantiated valuc of t,he 

seed variable. 

Otherwise, change the instantiated value of the regular variable. 

(b) For conflicts invoh:ing only regular variables, 

Consult disturbancc information (both value inkerval and change mrinter) 

on both regular variables written by submissive a.gents. Change t,he 

instantiated value of the regular variable that has less magnitude of 

disturbance. If one of the conflict,ing variables can be changed within 

its value interval to resolve the conflict. then change the value of that 

variable. Otherwise, change the value of the variable that is changed 

less frequently (with a change frequency counter of lesser value). 

3.  Encode disturbance information (e.g., weight) on each variable under its ,juris 

dict.ion based on its current instantiated value. 

2.4.2 Reaction Heuristics of Regular Resource Agents 

'To resolve constraint violations, resource agents reallocate t,he over-contended r e  

source intervals to the competing operations in such a way as to resolve the conflicts 

J. Liu 
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a,nrll at, the same time? keep changes to the st,art times of t.hese opcratiuns to a iiiiii- 

imum. Conflicted operations are allocat.ed ill a sequence based on their weights. If 

t,hrir original resource intervals have been precnipted by other operations, a most ad- 

jacent resource interval within their boundaries is dlocated considering the preference 

of staying wit,hin their t,emporal slacks. Since an operation’s weight is a mca.sure of 

thc desirr of the corresponding job agent to keep the operation at  its current value_ 

operation start time decisions based on weight reflect group coordiriation. 

Resource Agent X 

Before contlict resolution 
I n  

1 c3 I r iq pT 
L&! L& time line 

.&fie1 conflict resolution 

1 c3 1 dl 1 g l l  1 a4 I e2 I JzT 
time line 

Sequence of allocation: 
opr-e2 -> opr-di -> opr-gl -> opr-a4 -> opr-c3 

(upr-e2 has the highest weight, opr-c3 has the lowest weight) 

Figure 2.12: Conflict Resolution of Regular Res0urc.e Agent 

For example, in Figure 2.12, op,4 was preempted by oprez which has higher 

weight. A most adjacent resource interval i s  allocated to  oprnq. In addition. whrn 

a. resource agent detects a, high resource contention during a particular time inter- 

va.l (such a,s the conflict involving oprd, O p T d l ,  and oprgl), it allocates thc resource 

intervals and assigns high change frequency (higher than the threshold) t,o the.se op- 

erat.ions, and thus dynamically changes the priority of these instantiation. 

Regular resource a.gerits play the  role of submissive agents. We describe an ah- 

stract algorithmic behavior of submissive agent,s as follows: 

1. Examine the instanliat,ions of variables under its jurisdiction. If all constraints 

are satisfied, go to step 4. 

2 .  Resolve conflicts. Consult, t,he disturbance information (weight, bo~~ndary ,  and 
___  ~ _____-  ~ - _ _ _ _ _ _ -  
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temporal slack) on each conflicting regular variable written by int,errriediate 

agents. Change t h e  instantiated values of regular variables that have less mag- 

nitude of disturbance. 

3.  l?nc.ode dominance inforniation (change frequency coiint,er) on changed vari- 

ables. For each changed variable, increase the associated counter by a number 

that represents t,he agent's certainty on thc new d u e  of the varia.ble. Lrsiially, 

the counter is increased by one so that it records the number of times the agrnt, 

has changed the value of the variable, and provides an est,iniate of the search 

efforts of' intermediate and submissive agents. However, if the agent encounters 

an intense conflict (a number of variables involved in conflicts within a short 

interval of valucs), i t  can resolve the conflict and set the associated counters 

of the involved variables to a number larger than the threshold. 'rhereforr, 

decisions on the dynamically arised critical areas can be propagated. 

1. Encode disturbance information (value interval) on each variable under its jn- 

risdiction based on its current instantiated value. 

2.4.3 Reaction Heuristics of Bottleneck Resource Agents 

A bottleneck resource agent has high resource contention. This means that most of 

the time a bottleneck resource agent does not have resource slack between operations. 

When the start time of a bottleneck operation i s  changed, eapacit,y constraint vi* 

1a.tions are very likely to occur. A bottleneck resource agent considers the amount, 

of ovcrlap of conflict,ed operation resource intervals to decide whether to right-shift 

some operations or resequence some operations according to their current start times 

by swapping the changed operation with an appropriate operation. 

In Figure 2.13 ( i ) :  opre3, oprh3, and opr,3 are all right-shifted to resolve capacity 

conflicts because the conflicted interval is small and there are slacks before t,he lat.est 

finish time of oprc3. In Figure 2.13 (ii); the changed oprd3 is swapped with oprm since 

the cha~iged start timeof oprd3 is later than the start timeof opr,3. Resource intrrvals 

are then allocated t,o the new sequence - oprur opr,,, oprd3. The int.uition behind the 

J.  Liii 
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Resource Agent Y 
latest fmisiicd time 

Before mnflicl cesoIuLion 

; k I B '  e'? 1 1 e3 , h3 1 c3 I 
(ruI time line 

latesl finis ed Lime I After connin rCS0I"rI"" 

1-1 a3 d3 1 e3 I h.3 I c3 ' 4 
lime linc 

(i) tight shift 

Resource Agcnr Y 

Refore cmflict resolution 

A k r  conflict resolution 

Figure 2.13: Conflict Resolution of Bot,tleneck Resource Agent 

heuristics is to keep the number of changed variables as small as possible. Note that 

I.he new start time of OPT& is in the same direction (on the time line) of modifica.tion 

rnadc by a. job agent, 011 oprd3. This is to comply with the job agent's constraint,s of 

not being able to process the preceding operations of OjWd3  earlier. 

Bottleneck resourcc agents play the role of dominant agents. We describe a n  

abstract algorithmic behavior of dominant agents as follows: 

1. Exa.mine the instantiations of variables under its jurisdiction. If all const,raiiits 

are satisfied, stop. 

2. R.esolue conflicts by changing the instantiated values of some seed variables in a 

way that the new value of a seed variable being changed by an intermediate agent 

is in the same direction of modification on the time line by the intermediale 

agent" and that the new configuration of variable instantiat,ions does not repeat, 

an old onc in the record. If all possible configurations are exhausted, terminate 

6 For example, in job shop schedulingl when a bottleneck resource agent finds a capacity const,rairtt 
violation due to a bottleneck operation being changed to a later start t,ime by a job agcnl, t,he 
hot~tlerieck resource agent would rearrange its resource interval allocation such that the bottleneck 
operation worild not, start earlier than the start time set by the job agent. 

Coordinat,ion of Reactive Agents in Distribukd Manufacturing Scheduling 
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t,lir process. 

3.  Record the new configuration of variable instantiat.ions. 

2.5 Scheduling System 

2.5.1 System Operations 

We implemented CP&CR. in a scheduling system, called CORA (COordina.ted Re- 
active ,\gent,s). Initially, t,he input scheduling problem is decomposed into rcsourc.es 

and jobs: and the corresponding resource and job agents are created. During the 

agent initialization stage, each job agent calculates the boundary for each operat,iou 

under it,s jurisdiction considering its release and due-date constraints; each resource 

agent calculates the contention ratio for its resource by summing up the processing 

t,imes of operations on the resource and dividing it by the interval length betwee.ri 

the earliest and latest boundary time among the operations. We denote the set of 

operations using a resource Rk by {opr:}, and denote the boundary of an operatiun 

by ( s t f j :  .k resource's contention ratio r is ca,lculated by 

c Pi.; 
(mm(et!j) - mzn.(st$)) 

r =  

where p,j is the processing time of an operation uprij. If the resource contention ratio 

r is larger than a certain threshold, a resource agent concludes that it, is a bottlenec.li 

resource agent.' 
" 

In  job shop scheduling, the notion of bottleneckusually corresponds to a parbicular 

rtsuurce interval demanded by operations that exceed the resource's capacity. Most 

stat,e-of-the-art scheduling techniques emphasize the capability to identify dynamic 

bot.tlenecks that arise during the construction of a solut,ion. In our a,pproach. the 

notion of a bottleneck is stotic (i.e., fixed resource contention ratio) and corresponds 

t.0 a, resource within the entire interval specified by the problem. We exploit the 

71f n o  hottleneck resource is identified: the threshold value is lowered until the most contcnded 
resource is identified. 
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dynumic  locul %rderaction. of agent,s that utilize both notions of static aud dynamic. 

bottlcnerks. For example, a. static bottleneck is regarded as an island of reliabilit,y. 

Ilegula,r resource agents are able to identify high resource contention during pxticular 

time intervals (dynamic bottlenecks) and assign high change frequrncy to (,he involved 

operations in order lo propagate their decisions. 

In resource agents' init,ialization, operations under the jurisdiction of a bottlcnecli 

resource agcnt are marked as bottleneck operations by the agmt.  Each resource 

agent heuristically allocates the earliest free resource interval to each operation uiidrr 

its jurisdiction according to each operation's boundary. After the initial act,ivat,ion 

of resource a.gentsl all operations are instantiated with a start time. This init.ial 

inst,ant,iation of all variables represent,s the initial configuration of  the solution.8 

Create agents 

Initiate all Job Agenls ctivate all Resource Agen 

I 
f 
(Initiate all Resource Agent+ Activate all Job Agents 

- 

Figure 2.14: System Control Flow 

L z 3  Solution 

Subsequently, job agents and resource agents engage in an evolving proc.ess of 

reacting to  constraint violations and making changes to  the current instantiation. In 

each it,eration cycle, job and resource agents are activated alternately. while agents of 

the same type can be activated simultaneously, each working independent,ly. When 

an agent finds constraint violations under its jurisdiction, i t  employs local react,iori 

heuristics to resolve the violations. The process stops when none of the agents de- 

'We have conducted experiments with random initial configurations and confirmed thal, CORA 
is barcly affectcd by its starting point in CSPs where quite a number of solutions exist, Le.! CORA 
has equal overall performance with heuristic and random initial configurations. Experimental details 
a x  described in section 2.6.3. 
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tcrt,s const,raiiit violations during an iteration cycle. The system outputs t.he rurrerit 

iristant,iatioii of variables as a solution to the probleIn. 

2.5.2 Solution Evolution 

We illustrate the solution evolution process through examples. Figure 2.1 5 shows 

a solution evolution process of a very simplc problem where Ry is ident.ified as a 

bottleneck resource. Each box is an operation wilh a two-digit number denot.ing job 

niiinberof t.he operation and the sequence of t,he operation in thr job. III (a) ,  resource 

agcnts allocat,e their earliest possible free resource intervals t,o operations, and thus 

construct the initial configuration of variable instantiation, which is a conflict-free 

schedule from the point of view of resource agent,s. 

Re.s. 

Res. 

Res. 

0 zn 40 60 80 

Releas date; . .  ' 7 13 : , Dq. date 

Job1 11 \ 1 1 2  1 1 3 1  
~ :q ~ ~ 75 time line 

time line 
80 

time line 

I 
21): 1 . 2 2  ; ( 2 3 1  ' i Job 2 

Job3 31 1. 32 1 ' 1 33 I 
U 20 40 M) i n  ~~ 

(a) (b) 
Due date 

; I  12 I 13 1 
75 time line 

time line 
8n 

time line 

Res. X 1 31 1: 21 1 ;  i m ,  
R e s . Y '  32 I i22 . I  12 Job 2 21( 1 i22 ,I 23 < i I 

i r .... ; ...... ~ ~ ~ 

: :..13 ..... ~ : 

~ Job3 1311; 32: 1 1 ;  33 ' 1  ~ Res. 2 mj. 1; 33 j l  231  i 

0 20 40 60 80 0 20 40 60 70 
(C) (d) 

Figure 2.15: A Simplified Scenario 

In (b) ,  oprI3 and opr23 within dotted rectangular boxes represent the start t,imes 

assigned by resource agents Rx and Rz? respectively. J1 and J2 agenes a.re not sat,isfied 

with thc current instantiation because the pairs of (opr,,, opi-13) and (oprzz ,  ~ p r ~ ~ )  

arc violating their precedence constraints. Jl agent changes the start t,ime of opr13 
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(shown hy solid rectangular box) because O ~ T ~ Z  is a bottlcneck operation and the 

change frequency of o p 1 3  is zero (has not excecded the thrcshold). Similarly, Jz 

a.gent. changes t,he start time of op)r23 (shown by a solid rectangiilar box). In ( c ) .  

R z  agent finds a. capacity constraint violation between O ~ T ? ~  and (shown hy 

dot'tcd rectangiilar box bcfore conflict, resolution). Rz agent changes the st,art limc 

of U P T ~ ~  hecause opr23 has a higher weight. All agents are satisfied with the current 

insta.ntiation of operations in (d)  which represents a solution to t,he problem. 

Release Due 
I r nij I 07 ~ I m i  I M .  I Inn1  m 1 1 2 1  07 I '  04 i 

'3 ; I 4  
Job 0 

I /  '2 

Rcsource 4 m I 41 i Gl I 74 1341 i 

Figiire 2.16: Initilization of Job and Resource Agents 

Figure 2.16 to  Figure 2.20 describe a solution evolution process in more deta.iI. 

This example features detection of dynamic bottlenecks and reconfiguration of the 

island of reliability. The input scheduling problem consists of five .jobs on Gvc ma- 

chines with thc same due date. During initializat.ion, job agents calculate boundary 

informat,ion for cach operation according to the release/due dates and the processing 

limes of opcrations. Tn Figurc 2.16, t l  is t,he earliest time o ~ T O O  can start ;  f4 is the  

latest t ime uproo should finish if job0 is to meet its due date. Therefore, (t1!L,) is the 

boundary of oproo. We denote the boundary start time and bounda,ry cnd t,imc of 

Coordiriation of Reactive Agents in Distributed hlaniifacturing Scheduling 
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oprou by s t &  and et;,. respectively. We have sf;, = tl and et;, = t d .  

After this boundary irdormation is associated with each operation. resource agents 

hiiild a11 initial schedule with heuristics, e.g.: allocate free resource intervals to oprr- 

ations with the carliest, boundary start time at the beginning and then with earliest 

boundary end time if t,hcre is no idleness. For example, in resourcc0, both oprnn and  

O ~ T Z O  have the earliest boundary start time. OprDo is arbitrarily chosen for alloca- 

tion. Then, oprz~ is allocated next because it has the earliest boundary end t,irne 

among the remaining operations. The allocation sequcnce is followed by  OPT^^, oprJl ,  

and op-13. Kote that opi-13 is assigned to it,s earliest starl time. In resourc.el: after 

the allocation of oprlo! which has the earliest boundary start time, the allocation 

sequence of oprr?0,0pr*1~ oprol, and opr4,, is established according to rarlicst boundary 

end time. Among the five resources, R1 identifies itself as the bot,tlenecli res0urr.e 

since it has the largest resource contention ratio. All five operations using H z  are  

marked as bot,tleneck operations. 
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lub 4 

Resource 0 

Resource 1 

Resource 2 

Resource 3 

Resource 4 

...... 
..... . . . . . . . . . . . . . . . . .  Due 01. 

aa 1 
n7 

I oi I 07 I % I 04 I 
I 

. .  . .  Release : 

. .  

.... 
13 : . .  . .  

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

kin 11, I I 0 .  I 1 3 l l 4  

2 L  
201 ? I  1 2 2  r 7 3 :  I I 24 I : J  

. .  

. . . . . . . . .  ....... . . . . . . . . . .  
. . . .  . ,  

I 77 1 1 7 1 1 4 1  1 , I 
. . . . . .  

.......... 
I : : 43 : U! 

4 0 :  1 4 l  , :  1 4 2 1  41 I 4 4  

LEI 'on I ,a I 41 1 m: 
. . . . . .  

I a 1  i n  1 0 1  I 30 I 4R I 
. . . .  30 ......... 
I . . .  40 ~ 

0 . . . . . . . . . .  
. .  

2 2 :  1 0 7 1  32 1 4 2 1  I ?  1 
. .  

1 r 21 I 03 I i m  m m 
I m I n 4 1 1  43 . I  141 24 1 

. . . . . . . .  . . . . .  
74 ~ . .  

Figure 2.17: Cycle 1 of a,n Example Solution Evolution Process 

Figure 2.17 shows t,he first. cycle of the solution evolution proccss. 111 ,job agents, 
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operations represented by two boxes are t,hose involved in constraint violations and 

whose st,a.rt times are changed. .The dotted boxes represent their previous locations 

assigned by resource agents. The solid boxes represent their new locations assigned 

by job agents after conflict resolution. Jo detects two conflict pairs - (opro,, oproz) and 

(oprml opro3). Since o ~ T ~ ~  is a bottleneck operation and change frequencies of oprul 

and opro3 are zero: both oprol and oprD3 are assigned to new locations. Opr,, is also 

assigned t.o a new location in order to comply wit.h the conflict resolution bet,wc,cn 

oproz and opro3. In J3! two conflict pairs ( o ~ F ~ o ,  op~31) and ( o p ~ z ,  opFs3) are delectrd. 

The conflict between opr$Z and opr33 is resolved as in Jo. The conflict between 0 1 ~ 3 0  

and 0 ~ ~ 3 1  can not be resolved within their resource slacks. J3 heuristically chooses 

opr30 to change its start time. 

Resource agents are activated after all job agents have made necessary Inodifica- 

t.ions on the solulion to ensure no violation of their constraints. In resource agents, 

the dotted boxes represent operations' previous locations assigned by ,job agents. 'The 

solid boxes represent operations' new locations assigned by resource agents aft,er con- 

flict resolution. In resolving conflicts, resource agents allocate operations to a location 

as close to the original location as possible. In a capacity constraint violation 

between opruo and oprzo is detected. Since oprzo has a higher weight than oprou. 

oproo is changed to a ncw location. R1 detects a high resource contention between 

oprlo, o p z l ~  op-30. and o p ~ q o .  Oprzl and oprol are allocated to their original locations 

because t,liey have higher weight than other operations. Next, 0 p r 3 ~  is allocated to a 

location just after oprol because its processing time is longer than the free resource 

interval between oprzl and oprOl. The allocation is followed by oprqo and oprlo. Oprlo 

is allocated to the free resourcc interval between op-21 and oprul since its processing 

bimc is equal or smaller than the interval. After conflict resolution, R1 agent assigns 

a change frequency higher than the threshold to oprlo9 o p ~ ~ ,  and oprqo in order to 

propagate its drcisions on the dynamic bottleneck interval. In &., the agent allocates 
op~34 and o p 2 4  to a later start time, inst,ead of an earlier start time, ty considering 

t,hrir temporal slack information. 

Figure 2.18 shows the second cycle of the solution evolution process. J1 changes 
~~ 
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Rclease , Due 

Job 0 

Job I 

Job 2 

Job 3 

lob 4 

Resource 0 

Resource 1 

Resourcc 2 

Rcsource 3 

Resource 4 

Figure 2.18: Cycle 2 of an Example Solution Evolution Proccss 

the location of oprll because oprlo has a high change frequency. J3 changes th? 

locations of opr3,,0pr32~ and opr)r33 because opr30 has a change frequency higher than 

the threshold. J4 also assigns a new start time to oprql because ~ p r . , ~  has a high 

change frequency. JO and J2 are satisfied with the current solution arid makc no 

modificat,ion. In resource agents' activation, only R2 (the bot,tleneck resource) agent 

finds constraint violation. Since the interval of capacity constraint violation is small, 

R2 right-shifts oprq2 and oprlz. This represents a new configurat,ion of t h r  islands of 

reliabilit,y. All operations' change frequency counters are reset to zero. 

Figure 2.19 shows the t.hird cycle of the solution evolution process. In bolh J 1  
and J d 3  opr13: opi-14 and opr43, opqq are assigned to a later start time hecausc opr12 

and OPT42 are bott.leneck operations and all these regular operations have a change 

frequency of zero. R4 i s  the only resource agent that finds a constraint, violation when 

resourre agents are activat,ed. Rd assigns new start times to  opr34 and oprZ4 .  because 

t h y  have lower weight t,han opi-43. 

Figure 2.20 shows the fourth cycle of the solution evolution process. All job and  

J. Liu 
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point orviews) 

rrsource agents arc satisfied with Ihe current. solution. Thereforc, the current solut,ion 

is a fcasihle solution for the job shop scheduling CSP. 
Figure 2.21 shows a solution evolution process in terms of the number of ccv- 

flicts for a. more difficult problem which involves 10 jobs on 5 resoiirces. In cyclc 1 

,job agents find 26 precedence constraint violations in the init.ia1 solution constructed 

by resource agents. Resource agents find 16 capacity constmint violations after job 

agents modified the solution. During cycle 2 to cycle 9, job agents and regular re- 

source continue the process of trying to evolve a compatible instantiation wit,li islaIicls 

of reliability, i.c., the current st,art times of bottleneck operat,ions. The number of 

ronflicts oscillates bet,ween 2 and 3. 

numberof operations 
inv lved in mnflicu 

(from Job Agents' 
point of views) *I 

5 ILL4 0 3 cyc l c  

I 2 3 4 5 6 7 B 9 10 11121314 15161718 

0' c L 

I 2 3  4 5 6 7 8 9 1 0 1 1 1 ? 1 3 1 4 1 5 1 6 1 7 1 8  cycle 

Figure 2.21: Conflicts Evolution of a more difficult problem 

In cycle 10, some job agents perceive the effort as having failed by detcrting con- 

flicted regular operations with change frequency higher than the t,hreshold. Thereforc. 

t.hey change the start, times of the conflicted bottleneck operations. Bottleneck re- 

source agents respond to new capacity constraint violations by modifying start times 

J. Liu 
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of thc hot,tleneck operations. This results in a, sharp increase o l  conflicting opcrat,ions 

for ,job a,genbs in cycle 11. AgainI thc search for cornpatiblc itistanbia.tioti resumes 

iint,il another modification on islands of reliability in cycle 16. In cycle 18: a solution 

is found. 

2.5.3 Coordinated Group Search 

From the point, of view of search, CP&CR conducts a coordinated, loca,lized heuristic 

search wit.h pada l ly  overlapping local search spaccs (the values of variables that 

are the common responsibility of more than one agent). The process starts from a11 

i n i h l  instantiation of all variables. The search proceeds as the agents interact wit.11 

each other while seeking their own goals. Islands of reliability provide the mea,ns 

of  anchoring the search, thus providing long term stability- of partial solutions. ‘111~ 

principle of ]cast, disturbance provides short term opportunistic search guidance. The 

search space is explored based on local feedback. The group of agents esscntially 

performs a search through a series of modifications of islands of reliability. Wit,liin 

each configuration of islands of reliability, intermediate and submissive agents t,ry 

to cvolve a compatible instantiation on regular variables. The search ends when a 

solution is foiind or when dominant agents have exhausted all possible inshitiations 

of the seed variables. 

‘Ihe C P X R  approach is designed to quickly find a high qudit,y solution in prob- 

lems with a very large combinatorial space, such as job shop scheduling. Conver- 

gence of the  search process is facilitated by- the coordination a.mong a.gents, but, is not 

guarant,eed. Howevcr, in our experimental study, we show that the system usually 

convergcs very fast, in problems with noticeable bottlenecks. Thc search mechanism 

achieves problem solving by coordinated local repairing and is not designed to go 

through the whole search space. Therefore, it is not, intended to detect infeasibility 

of general CSPs. 

The intcraction pattern between agents of different. roles is illiist,rated in Fig- 

ure 2.22. Dominant agents are responsible for a. consistent, instantiation on the is- 

lands of reliability. A solid loop represents frequent interaction between intermcdiak 

Coordination of R.eactive Agents in Distributed Manufa,cturing Scheduling 
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Dominan Q ubmissiv 

1. search efforts reach threshold 
2. dynamic critical areas identified 

Figure 2.22: Interaction Pattern 

and submissive agents as they modify instantiation on regular variables t,o sat.isfy 

their own constraint,s and try to evolve a compatible instantiation with islands of 

reliability. A dotted loop represents less frequent intemction between intemiedia.te 

and dominant agents that occur when intermediate agents change the instantiation 

011 t h r  islands of reliability and dominant agents respond by making further changes 

(if necessary) to the instantiation on the islands of reliability to make sure they are 

c.onsist,ent. The action flow is switched from solid loop to dotted loop when ( 1 )  search 

efforts on compatible instantiation on regular variables have reached a thrcshold, (2) 

some submissive agent. identifies dynamic crit,ical areas. Both conditions are detected 

by intermediate agents as the change frequency counter of some conflicting regular 

variable exceeds the threshold. Typically. the action flow remains within several solid 

loops until it is switched by intermediate agents to one dotted loop, and immediately 

returns to solid loops again. 
-____ 
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2.6 Experimental Results on Job Shop Scheduling 

CSPS 

We evaluated t,he performance of CORA on a suite of job shop scheduling CSFs 

proposed in [Sadeh 19911. The benc.hmark consists of 6 groups, represenling differen1 

scheduling conditions, of 10 problems, each of which has 10 jobs of 5 oprra,t,ions 

a n d  5 resources. E.ach group of problems differs in two respects: ( 1 )  spread of t,he 

releasc and due da,tes among jobs; (2) number of apriori bottlenecks. l h r  spread 

is controlled by varying the amplitude of the intervals within which release and due 

dates are generated. Three spread levels are introduced: wide (w), narrow (n). and 

111111 (0): i.c., both release and due date intervals are collapsed to single points. Aside 

from different spread levels of release and due dates, the benchmark also considcred 

one a.nd two apriori bottleneck conditions. Each problem in the benchmark has at 

least onc feasible solution. 

The purpose of this experimental study is to (1) investigate the effects of co- 

ordina,tion information in the system, (2) compare CORA’S performance to other 

constraint-based as well as priority dispatch scheduling methods, (3) invcst,igate t h c  

effects of  iriit,ial solution configuration in the system, and (4) investigat,e COR4’s 

scaling up characteristics on problems of larger sizes. 

2.6.1 Effects of Coordination Information 

In order to investigate the effects of coordination information on the system’s perfor- 

rnmce, we constructed a set of four coordination configurations. 

CO represents a configuration in which the system ran with no c.oordination 

information at all. Without boundary information, when initially activated, re- 

source agents allocate resource intervals according to random sequences. When 

job agents are activated, they resolve conflict,s by randomly changing t,he in- 

stantiation of one of the t,wo operations in each conflict pair. Similarly, resourcc 

agents resolve conflicts based on random priority sequences 
~ _ _  ~ 
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C1 reprcsents a configuration in which only boundary information is available. 

R.esource agents use this information for heuristic initial allocation of resource 

intervals. After the initial schedule is generated, no other inlormation is avail- 

able for conflict resolutions. 

0 C2 represents a configuration in which boundary and bottleneck lag informat,ion 

is available. Resource agents use the boundary information for heuristic- initial 

alloca.tion of resource intcrvals. Job agents use the bottlencck tag information 

to bias resolution of conflict pairs. 

0 C3 represents a complete configuration in which all coordination informalion is 

provided for resource agents and job agents. 

~ 

CO No coordination information 
C1 Boundary 
C2 Boundary + Bottleneck tag 
C3 Boundary + Temporal slack + Weight 

Bottleneck tag f Resource slack + Change frequency 

Table 2.1: A Set of Coordination Configurations 

The set of configurations of coordination information is shown in l'able 2.1 with 

t,he additional coordination information for each configuration underlined. Ta ble 2.2 

reports the comparative performance of different configurations on t.he suite of bench- 

mark problems in terms of the number of problems solved out of the 60 problems and 

the a.vetage iteration cycles to solve a problem. The number of it,eratioii cycles that 

t,he system was allowed was limited to 100. If there were still conflict,s a t  cyclr 100, 

t,he system gave up solving the problem. Since system operations in CO, C1, and 

C,:! have a random nature, they were run on each problem 10 times. The numbcrs 

reported are t,he average number? cg., 15.8 out of 60 problems were solved means 

that there were 158 successful runs among 600 (10 runs for each problem). C 3  is 

dcterIriinist,ic and for it each problem was tried only once. CO was only able to sol\:r 

8 problems with an average of 33.3 iteration cycles for solution evolution, whilc C3 

J .  L iu  
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Overall 
Performance 

was able to solve all 60 problems with an average of ,5.8 iteration cycles. A slight 

iricrcase in the average iteration cycles in C1 (compared to GO) stems from the fa.ct, 

that while (I1 was able to solve twice as many problems as CO due lo boundary in- 

formation during initial rcsource interval a.llocalion, it. had no other advanta, aes - over 

C0 to resolvc subsequent conflicts. We confirm t,hat adding coordination information 

enables the system to solve more problems within fewer iteration cycles. The rwiilts 

show the ulilit,y of coordination information. 

Coordination Configuration 
C0 I C1 I c2 I C3 

I I I 

Avg. Yo. of Prob. Solved I 8.0 1 15.8 1 36.3 1 
I 33.3 1 36.3 I 21.7 1 

60 
5.2 Avg. No. Iter. Cycles 

Table 2.2: Comparative Performance between Coordination Configurations 

Figure 2.23 shows, for different coordination configurations, the succcssful overall 

problem solving processesg in terms of the number of operations involved in c0nflict.s 

a t  each CJ&. As t,he coordination information increasesl the shape of the curve 

indicates a steeper drop in the number of conflicts in fewer cydes. This indicates 

that. increasing rates of convergence are facilitated by more coordination inforrnat,ion. 

The curve for deterministic C3 has a peak at cycle 5 .  'This reveals that when t,he 

problem was not solved within the first few cycles, an instantiation modificat~ion on 

the operations using bottleneck resources typically occurred. The curves for C O ,  Cl ,  

and C2 do not exhibit a peak because the system does not have a particular patt.ern 

of int,cract,ion in those coordination configurations. 

2.6.2 Comparison with Other Scheduling Techniques 

CORA was compared to  four other constraint-based heuristic search scheduling tech- 

niques, ORR/FSS, MCIR, CPS, and PCP. ORR/FSS [Sadeh 19911 incrementrally con- 

structs a solution by chronological backtracking search guided by specialized variable 

'For C O :  C1, and C2. only successfill overall problem solving processes are averaged and shown. 

~ _ _ _ _ _  - __ __ 
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Number of operations in conflicts 

Figure 2.23: Convergence Processes of Different Coordination Configuralion 

and value ordering heuristics. ORR/FSS+ is an improved version augmented with 

an intelligent backtracking technique [Xiong, Sadeh 8~ Sycara 19921. Min-Conflict. 

It,erative Repair (MCIR) [Minton, Johnston, Philips 8L Laird 19921 starts with an  

initial, inconsistent solution and searches through the space of possible repairs based 

on a min-conJ.i.cts heuristic, which attempts to minimize the number of const,raiIit. 

violalions aft,er each step. Conflict Partition Scheduling (CPS) [h;Iuscrtt,ola 19931 

erriploys a search space analysis methodology based on stochastic sirnulalion, which 

iterat,ivdy prunes the search space by posting additional constraints. Precedence 

Constraint Posting (PCP) [Smith 6i Cheng 19931 conduct,s the search by esta.hlish- 

ing sequencing constraint,s between pairs of operations that share a, common resourcc 

based on a slack-based heuristic. We also include three frequently used and appreci- 

at.ed priorit,y dispatch rules - EDD, COVERT, and ATC [Morton & Pentic.0 19931 in 

the comparison. Actual priority index functions of thesc priority rules arr  describrd 

in section 4.1. 

Table 2.3 reports Ihe performance of each technique in comparison. Ea.ch row 

.I. Liu 
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disphys the numbcr of problems solved by each technique in cach problem categoryl 

followed hy the total number of problems solved and the average CPU times usrd. 

Notc t,hat the results of ORR/FSSI OR.R/FSS+, CPS, and PCP were oht,a,ined from 

published reports of the dcvelopers of the t,ec.hniques. The perforniance of MCIR has 

bccn shown to be significantly affect,ed by initial solutions. MCIR used in t h c  SPIKE 

syst,em [Johnson k MintoIi 19941 with heurist,ic initialization can solve all 60 pmb- 

lenrs. However, with randomly gcnemted initial solutions? MCIR can only solve about 

21 prohlems [Muscettola 19931. We adopt the results reported in [Muscettola 19931 

as the main result of MCIR. All CPC t,imes except PCP were obtained from Lisp im- 

plementations on a DEC 5000/200. In particular, CORA was implcment,ed in CI.0S 

(Common Lisp Object System). CPS: MCIR, ORR/FSS, and ORR/FSS+ were im- 

plernented using CRL (Carnegie Representation Langua.ge) as an underlying frame- 

based knowledge representation language. CPU times of CPS! MCIK. ORR/FSS: and 

OR K/FSS+ were divided by six from t.he published numbers as an estimat,e of t,rans- 

lating to slraight, Common Lisp implementation.'o [Sadeh .& Fox 19961 reports that, 

the CPll t,imes of a more recent version of ORR/FSS+ fell between 1.5 and 2.5 sec- 

onds. PCP was implemented in C and can solve 58 to 60 problems depending on the 

pa.rarneters that specify search bias. Although COR.4 can operate asynchronously, i t  

1va.s sequentially implemented for a fair comparison. The fact that. dispatch prioriby 

rules ran solve up to 52 problems seems to indicate that the set of benchmark proh- 

lems are not particularly difficiilt. Nevertheless, the results show that CORA is quit,e 

competitive as compared to  the other constraint-based scheduling techniques both on 

feasibility and efficiency in finding a solution. 

2.6.3 Effects of Initial Solution Configuration 

COKA essentially employs reactive agents t,o iteratively repair its current, solution 

unt,il a valid solution evolves. The agents' local interactions dircct t,he solution re- 

pairing process. This is different from iterative improvement (hill-climbing) mekhods 

"ORR/FSS and OHR/FSS+ obtained 30 times speedup in C/C++ impkmcntation [Sadcti &: 
Fox IBSG]. We assiimed a factor of five between Common Lisp and C/C++ implementations. 

CooAination of Reactive Agents in Distributed Manufacturing Scheduling 
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' ORR 

Tom1 
AVG. 
CPU 
time 

~ 

__ 

10 

10 

10 

COR 

9.8 10 

2.2 10 

7.4 8 

IO 
10 
IO 
10 

10 

10 

Initialization 
Heuristic 
Random 

60 
4.8 

sewn 

~ 

w / l  w/2 n / l  n/2 0/1 0/2 Overall 
5.6 6.3 4.0 4.9 4.4 6.2 5.2 
5.4 6.5 4.9 4.7 4.3 6.2 5 .3  

~ 

ORW 
FSSt 
10 

10 

10 

IO 
10 

10 

~ 

60 
21.46 
second 

~ 

- 

58 - 60 

0.9 

__ 
ATC 

10 

I0 
9 

9 

6 
I; 

52 

0.9 
seconds 

~ 

~ 

Table 2.3: Performance Comparison 

[Zweben 19901 [Minton, Johnst,on, Philips 8~ Laird 19901 that make loca,l changes to 

reduce a cost function. .4 previous study [Morris 19921 indicates that, the goodness of 

a rough initial solution has great effects on the performance of iterative improvement 

methods. The performance difference of MCIR based on heuristic and random initial 

solulions provides evidence for this observation. 

In order to investigate the effects of initial solution on the system's performance. 

we conducted experiments with both heuristic and random initial solut,ions. Wilh 

a heuristic initial solution, resource agents allocat,e free resource intervals t,o oper- 

ations wit,h earliest boundary end times after the initial allocation to aa  operat,ion 

wit,h earliest, boundary start time. With a random initial solution. the selection of 

operations for free resource int,ervals was random among the eligible operalions (i.e.> 

those operations with earliest boundary start times before the current start time of 

free resource interval). COR.4 was run on each problem for 10 randomly gencrat,ed 

initial solutions. 

Table 2.4: Comparative Averaged Iteration Cycles between Initial Solut,ions 
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CORA was able t,o solve all 60 problems with both heuristic and random initial 

solutions, although the number of iteration cycles required to solve a problem is 

slightly different. Table 2.4 shows CORA'S performance on both heuristic and random 

init,ial solutions in terms o l  the number of average iteration cycles required to find 

a. solut,ion for a problem in each problem category. CORA has alrnost equal overall 

performance wi th  heuristic and random initial solutions. The result,s, combined with 

the fact that a simple dispat,ch E.DD priorit,y rule can solve 47 out of 60 problems. 

reveal t h a t  most, inst,ances in Sadeh's problem set are not particularly difficult. There 

seems to exist. quite a number of solutions for each problem. Therefore, even wit.11 

random init,ial solutions; CORA can still find a solution in a few iteration cycles. 

However, the experimental results indicate that CORA'S repairing approach based 

on interact,ion of a local search space is cert,ainly more effective than ot,her iterative 

repairing met,hods, such as MCIR. 

2.6.4 Scaling Up Performance 

Because of it,s distributed, interactive nature, CORA does not render itself to algo- 

rithmic complexity analysis. In order to experimentally investigate C,OR.A's scaling 

up performance, we used the same problem generator function producing the bench- 

mark problems" to produce eight. sets of problems that involve 250 (10 jobs with 25 

resources, and 50 jobs with 5 resources): 500 (10 jobs with 50 resources, and 100 jobs 

with 5 resources). 1000 (10 jobs with 100 resources, and 200 jobs with 5 resources)> 

and 3000 (10 jobs wit,h 300 resources, and 600 jobs with 5 resources) operations." 

These problems exhibit siniilar scheduling conditions t,o the benchmark problems. 

Table 2.5 reports the avera,ge CPU times CORA spent on each problem size. 

CORA implemented in Lisp can solve problems of three thousand operations 

wit,liin 31 minutes on a Dec 5000/200 workstation. Assuming a more powerful con-  

putcr a,nd an eflcient C implementation, it is very likely t,hat COR.4 would be able to  

"The rode was kindly provided by Ur. Sadeh. 
12We expand the problem size along two dimensions (e.g., fixcd number ofjobs, and fixed numbcr 

ol'resources). We expect that CORA'S scaling up performance on problems with other rat,ios ofjobs 
and resources will be hounded by the two curve8 produced in the two dimensions. 
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Problem 
Size 

50 operat,ions 
250 operations 
500 opcrations 

1000 operations 
3000 operations 

CPU time 
10 jobs 5 resources 

4.8 seconds 4.8 semnds 
26.2 seconds 51.4 seconds 
60.2 seconds 112.3 scconds 

137.6 seconds 286.1 seconds 
814.3 seconds 1824.5 seconds 

solve problems of several thousmd operations within two minutes. Figure 2.24 shows 

COR.A’s CPI! timc increa,se on these larger sized problems, which exhibits favorable, 

nea,r-linear scaling-up performance. The results seem to suggest that CORA’s searc.h 

mechanism is polynomial to t,he size of the search space in the type of problcms we 

t,csted. In fact? in scaling up evaluation based on empirical study, most systems’ 

performance vary with the difficulty of test problems. We suspect that CORA would 

not do as well in problems that are more difficult (with more tight job due dates). 

However, it appears that CORA does have an edge t,o techniques bawd on global 

search in the type of problems that are moderately difficult. 

2.6.5 Evaluation of CORA for Job Shop Scheduling CSPs 

CORA performs a heuristic approximate search in the sense that it docs not sys- 

t,cmatically try all possible variable instantiations. Its search mechanism for solution 

repairing is driven by agent interaction, based on well-coordinated asynchronous lo- 

cal reactions to constraint violations. The experimental result,s seen1 to support the 

effectiveness of CORA. We have also shown that CORA’s effectiveness conies from 

the set of coordination information we developed, such that the agents’ local solut,ion 

repairing is coordinated toward convergence. In addition, with a mechanism based 

OII collective operations, CORA can be readily implemented in parallel processing in 

which only two kinds of agent,s are activated sequentially in each iteralion cycle. The 

C!PV time would then correspond to the number of iteration cycles to find a soli~tion. 
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Figure 2.24: CORA’S Scaling Up Performance 
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instead of the number of times agents are activated. Finally, thc dvnamic nature 

and the scaling up performancr of CORA seem to support it.s pot.cutial in real-time 

practical applications. 

CORA exploits local interaction based on thc notion of isla~ids of reliability a n d  

was shown to perform quite well on problems with clear res0urc.e bott,leneclts. For 

prohlems with no clear bott,lenecks and where all resources are loosely utilized (say: 

helow 50 percent of utilization), we expect CORA to perform with the same cffic.iency 

by selecting the most utilized resource as an island of reliability. In other words: w h m  

due dates arc loose and there are many solutions in the problem, CORA would f ind a. 

solut.ion easily even without clear bottlenecks. However, CORA’S current mechanism, 

based on dominant coordination, might not be sufficient for problems in which all 

resources are at least moderately utilized (say, above 60 percent of utilization) and 

there is no outstanding bottleneck. We will discuss this issue in section 3.3. 

Encouraged by CORA’S successful performance in job shop scheduling CSPs, we 

extend thc CP&CR methodology to  job shop scheduling COPS where schedule qualit,y 

i s  measured by an objective c r i k i a .  

d .  Liu 



Chapter 3 

Coordinated Reactive Agents for 

Distributed Job Shop Scheduling 

Constraint Optimization 

In  this chapter, we present the extension of t.he CP&CR approach to distributed job 

shop schcduling optimizat,ion. In section 3.1,  we discuss the conditions tha,t allow 

the extension and describe the Anchor&Ascend mechanism, where t h e  bottleneck re- 

source agent (anc.hor agent) is augmented by a local heuristic optimization proccdure, 

local modification operators, and a local best first search. Section 3.2 reports the ex- 

periment~al study of Anchor&Ascend. We eva.luat,ed problem solving efficiency and 

solution quality of AnchorkAscend i n  benchmark problems as well as applicabilit,y 

conditions by va,rying certain characteristics of the test, problems. Finally? i n  section 

3.3: wc summarize the CPkCR approach a.nd discuss its applicability and limitation. 

3.1 Anchor&Ascend 

Usually, finding a n  optimal solution is a far more difficult task than finding a fcasible 

solution. In addition, distributed opt,imization imposes considerable complexit,y in 

agents' search mechanism. However, in many application domains. problems oft,cn 

exhibit special structures that can be exploited to facilitate more effective problem 

7s 
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mlving. One of the most recurrcnt struc.tures involves disparity among subprobleIris. 

We define disparity a.s t,hc condition where some quantifiable characterist,ics of sub- 

problenis exhibit, noticeable deviation from the average. In the context of the CPkCR. 

approach to distributed constraint satisfaction. disparity of subproblems is exliihit,ed 

by diflerent lcvcls of flexibility of instantiation changes without conslraint violation. 

For example, in ,job shop scheduling, if a resource is used only occasionally for a short, 

period of time, chances are the resource agent would not detect a capacity constraint 

violation when a job agent changes the starl time of its operation using the resource. 

On the other hand, if the resource is a bottleneck resource tha,t, is used most of the  

time for a long interval, a start time change on an operation would most likely crcatc 

a constraint, violation for the resource. 

C P W R .  exploits disparity of subproblems in the notion of ishnds of reliability 

and uses the operation processing sequence on the bottleneck resource as an anchor 

t,o search for a global solution. This distributed local search mechanism is elfectivc in 

job shop scheduling because the most constrained subproblem (bot,tleneck resource) 

has the dominant effecl on whether a feasible schedule can be found. The same 

strategy can be ext,ended to distributed optimization when the niost. coust,rained 

subproblem also controls the global objective cost,. In job shop scheduling of rvcighted 

t,a.rdiIiess problems. a, job's tardiness is mostly due to its delay on the bottleneck 

resource. In other words, the operation processing sequence on the bottleneck resoiirce 

is responsible for most of the tardiness cost of jobs. Therefore, the CP&CR. approach 

ca.n be nahrally extended t,o the job shop scheduling COPS with weighted tardiness 

objective. 

Wc developed a distributed optimization mechanism, called AnchorLAscend. where 

a globally favorable solut,ion is found by iterative local repairing of an initial solution 

based on an anchor subsolution with monotonically increased local objective cost. 

In .4nclior&Ascend2 one of the bottleneck resources is selected and assigned the role 

of anr:h.or (agent) by heuristic, e.g., t,he last one in jobs' processing sequence. The 

nonbott,leneck resources together with the not selected bottleneck resourc.es will be 

referrcd to as regular resources. Suppose every w t h  operation in each job uses t.hc 

J.  Liu 
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selecled bot,tlcncck resource. For each job Jj? we define pre-anchor opera.tioiis to  

I )P  { o p ~ i ~ } ~ ?  = 1, ...: u. - 1: the a.nchor operation to be opri,, and post-a,nchor op- 

erations t o  bc { o p i j ) ; j  = u. + 1, ...: n. A valid subsolution for the anchor agent 

is a sequence of t,he anchor operations {opri*};i = l : . . . r m ,  with specified start 

times {diu}: in which none of t,he intervals (stiu,sti,  + p i u )  overlaps with otlicrs 

mid all st;, 2 est;,,. The local tardiness objective function for the anchor agent is, 

ranchor = ~ ~ l { w ;  x rna.z[O, (st i ,  - Isti,)]} = Q”, where e;,, is the tardiness cost 

of opriu, 7n. is the number of jobs. and 6stj, = ddi - E:=, p i k .  1 he local c.ost Conc,Lor is 

used by the anchor agent to evaluate it,s subsolution and estimatr t.he global weighted 

tardiness cost, of the current. solution. In other words, we assume all the tardiness of 

jobs is due to hrdiness on thr bottleneck resourcr and we use c,,, t,o predict, the cost 

e, of the job J ,  by assuming all post-anchor operations in the job will be processed 

wit,ti no delay, i.e., st;j = st;, + p ; k ,  i = 1, ...: m , j  = 21 + I ,  . . .In. Of course, any 

actual delay will cert,ainly increase e, and increase the overall weighted tardiness cost 

r l  

C ,  i.e., Conclilr 5 C. 

..\nchor&iiscend expands CP&CR by incorporating local optimization in thr  bot- 

tleneck resource. The anchor agent conducts a local best first search for configuring 

it.s local subsolution. Initially, the anchor agent constructs an optimal local subsolu- 

tion by heuristic local search. This anchor subsolution is used as island of rclia,bility 

in CP&CR. for constructing a feasible global solution. If the CP&CR session is 1101 

successful and the anchor subsolution is changed by some job agent, the anchor agent. 

employs a sct of modification operators to  construct new configurations of the anchor 

subsolution: and storc these potential configurations into a candidate list. Then the 

anchor agent, selects a configuration with the lowest Conchor from the candidate list,. 

A I ~ P W  CPkCR session begins with the new anchor subsolution as island of reliabilky. 

The process is repeated until a feasible global solution is found. 

AnchorkAscend controls the distributed loca,l search for global optimizatioI1 by 

assiming disparity among agents and going through a process oftesting the feasibilit,y 

of const,ructing a global solut,ion based on different configurations of t,he anchor sub- 

solution with monotonicully increased objective costs. Tt does not guaraIllee optiIna,l 
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.ioliitions. We must emphasize that, in job shop scheduling most techniques do not. 

provide guarant,ee for optinmlity in most objective functions. In practice, the gual 

is t,o find a high quality solution with reasonable computat,ional cost,. In addition, 

AnchorksAscend is not designed as a general mechanism for distributed optimiza- 

t,ion. It, focuses on a subset. of job shop scheduling problems, i.e.. problems with clear 

bottlenecks, where i t  performs effectively. 

The following subsections present. t,he ,4nchor&.4scend distributed optimization 

procedure in more details. 

3.1.1 Initial Optimization of Anchor Subsolution 

Initially, t.hc anchor agent generates a processing sequence {opi-iu} on the bottleneck 

resource according to the initial resource allocation heuristics in C,PkCR. Being a 

highly contended resource, the bottleneck resource usually processes the seqi1enc.e 

{opr, ,}  without any slack (gap) between adjacent operations, opri;' ~ oprqzt> k and 

u p v ~ ~ ' ,  where the superscript ( k -  1, I C ,  k + 1) denotes the processing sequence on the 

bott,leneck resource. In other wordsl st,, + ppu = st,,, and st,, + pou = st,,,. To 

optimize the sequence {opri,} with minimal Canchor? the anchor agent goes t,hrough 

an it,erative process of switching pairs of anchor operations opr;, to reduce CUnchor.l 

Puring this process, two heuristic subroutines', jump forward and j u m p  backluurd, arc 

used. In jump forward. an anchor operation opr,, in the sequence is repeatedly moved 

forward toward the time origin by switching with one of the preceding opera.tions 

to reduce C:anc,,o,. In jump backward, an anchor operation opr;, in the sequence 

i s  repeatedly moved backward toward t,ime infinity by switching with one of the 

succeeding operations to reduce Canchor .  Given a sequence of operations, S = { o p ~ f ~ } ~  

the subrout,ines are described as follows: 

'For other objective function (e.g.. makespan), exact methods are available Cor this onc machine 
seqiicncing problem. However, to guarantee optimalityfor weighted tardiness where no exact. method 
is available. it requires more elaborate branch and bound procedure which is exponcntial in the worst 
case. We choose to rely on heuristics for efficiency. 

2Similar heuristic, pairwise interchange, is also used in  neighborhood searchlhlorton & Pent,ico 
1 0031. 

~~ 
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Jump Forward 

1. Ca.lculatc civ for ea.ch opr;,. Select, an operation, opr;v9 in S wit,h t.he largcst, 

c p u .  

2. For ra,ch o&, I; from v- 1 to  1. If st;, < est,,, go t,o 3. Otherwise? if srvitching 

opr,, with oprf, would reduce Co,zcp,or, then switch them. 

3 .  Remove opr,,, from 5'. If S is empty, stop. Otherwise, go to 1. 

Jump Backward 

1. Calc.ulate c ; ~  for each opr;,. Select an operation, opr;,, in S with thc smallest 

cp". 

2. For each oprfu, k u + 1 to m. If st;, < est,,,,, go to 3. Otherwise, if switching 
k opr,. with opri,, would reduce Caanc~or, then switch them. 

3.  Remove opr,, from S. If S is empty, stop. Otherwise, go to 1. 

To obtain a near optimal subsolution, the anchor agent repeats the course of ap- 

plying both th r  jump forward and jump backward subroutines to the current sequrncr 

{opr??,} until C,L,,C,,DT can no longer be reduced. 

3.1.2 Modification of Anchor Subsolution 

The changes to a subset of start. times {&} by a subset of job agents signa.1 t,o the 

anchor agent that a reconfiguration of {&} is required. In job shop schduling, 

two operat,ors, erchaage( i? j )  and r ighf -sh i f t ( i ,  t ) !  have been used [Morton 6: Pcn- 

t.ico 19931 [Miyashit,a 8L Sycara 19931 [Nakakuki & Sadeh 19941 [Miyashit.a fc Sycarlz 

lYY5] to modify the processing sequence of operations on a resource. Ezchunge( i> j )  

switches the start times of a pair of operations ( i , j ) .  Right-shift(i, t )  reassigns the 

d a r t  time of operation i to a later time t .  In determining the scope of applying t,he 

two operators, we consider the following: (1) since the current anchor subsolut.ion 

has Ihe minimal local objective cost, it is desirable t,o modify it as little as possible 

Coordination of Reactive -4gent.s in Distrihutcd Manufacturing Scheduling 



Chapter 5 

Coordinated Forecasts for 

Shop-Related Objectives 

In this chapter, we present, the COFCAST procedure in shop-related objectives: us- 

ing makespan as representative. Section 5.1 discusses makespan problems and their 

dispatch approach. Section 5.2 defines the notion of makespan urgency (MI!) as t.he 

coordination basis among resource agents and specifies the COFCAST procedure with 

the makespan objective. Section 5.3 reports the experiment,al study of COFCAST- 

M11. Section 5 . 4  summarizes the capability of COFCAST-MU. 

5.1 Dispatch Scheduling with the Makespan Ob- 

jective 

Makespn is a surrogate of shop utilization and is a typical shop related objectivc. 

Short.er makespan corresponds to  higher resource utilization. For example, Figure 5.1 

shows two schedules of t,he same set of jobs. The schedule with a makespan of 15 

finishes carlier and utilizes resources better t,han the schedule with a makespan li 

(see Figurc 5.1) because it involves less resource idle time before the schedule fin- 

ishes. The only decision difference that results in the improvement is El's decision 

t,o process O p ~ z l  before oprll. This decision allows R, to process oprz2 earlier and 

130 
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Res 3 

rcdiicr its idle time. Although RZ's in-process idle time is increascd, the net effect 

is a reduction of the makespan. This simple example illustrales the tightly coupled 

int,cra.ction among resources' processing sequences wit,h the makespan objective. Rc- 

alist,ic problems involve far more complex interactions that. require extensive analysis 

to consider decision trade-offs. 
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To further discuss the special properties of makespan problems, we introduce t,hc 

notion of criti.cal path. In the common graph model of job shop schedules (as in 

Figure 5.2): each operation is represented by a node and all nodes are connected hy 

arcs representing t,he processing order of operat,ions in jobs and on machines. Each 

node has at  most two arcs in and at  most, two arcs out .  The length of an arc is 

t,he operation processing time of its emitting node. A dummy start node has arcs 

wit,h zero length connecting t.o the first operations of every jobs. A dummy end node 

collects arcs wit.11 zero length from t,he last operations of every jobs. l'he length of 

t,he longest, pat,h to a node gives the start time of the corresponding operation. The 

longest path from start node to end node is called the crit.ical path. Thc length of 

thc critic.al pat,h is the makespan of the schedule. For examplc, in Figure 5,Z1 th? 
longest path to oprlz i s  (S,opr,l) and the length is O +  3 = 3, which is the start t,ime 

of 0pr12. The longest path from S to E is ( S ,  c y l l ,  oprall oprzz, opma) and the le.ngt,h 

is 0 + 3 + 5 + 4 + 5 = 17, which i s  the makespan of the schedule. 
~ 
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Figure 5.2: A Graph Model of A Job Shop Schedule 

Hoth t,ardiness and makespan objectives for practical sized problems are vcry dif- 

ficult to  solve exact,ly. However, the makespan objective possesses several cha,racter- 

istics that allow a good focus on its search space. First, t,he makespan of the schcdiile 

can only be changed (or reduced) by altering t,he sequence of nodes in t,he crit,ical 

path. In other words, thc quality of a solution can only be improved by modifying 

processing sequence on the critical path. Second, there exists an extremely efficient 

algorithm (e.g., Carlier’s algorithm [Carlier 19821) to solve a dynamic one-rcsource 

makespan problem. Third, bottleneck resources and bottleneck jobs can be more 

sharply defined with the makespan objective. This special structure allows much 

more efficient search for the optimal solution with the makespan objective. 

The makespan object,ive has been used in many job shop scheduling studies: largely 

because it involves a special s h c t u r e  where solution quality can only be improved by 

modifying the crit,ical path of the schedule. Therefore, i t  is computationally feasible 

to employ extensive search met,hods, such a,s branch-and-bound and tabu search, to 

find optimal solutions for the makespan objective. For example, in Figure 5.1, the 

critical path of the first schedule consists of ( u p r l l ,  opr,,, u p r z ~ ,  Opr-33). The changr 

of processing sequence (upr?l! oprll)  on the critical path results in a new schediilc 

with r c d i ~ e d  makespan. The new- schedule has a new crit.ical path consisting of 

(opr21, uprt l ,  uprzz ,  upr33). Over the years; a great amount, of research result,s on 

the makespan objective have been published, including a set of standard benchmark 

problerns and their optimal solutions. Most advanced techniques adopt. an iterat,ivc 
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improvement approach by repeatedly a h r a t i n g  the processing sequmce on the crili- 

cal path of a tentakive schedule. They usiially differ in the focus mec,hanism a d  the 

scqiience alt.eration opcrat,ors. We do not intend to repeat these efforts in multi-agent 

environments. Instead, our purpose is to incorporate coordination among resource 

agcnt,s in dispatch scheduling, and investigate its utility. We follow the forward deci- 

sion procedure of dispatch scheduling where the notion of critical path is not available 

during problem solving. 

Despite its efficiency, dispatch scheduling has not been widely used for solving 

job shop scheduling problems with the. makespan objective. There are t,wo rcasoiis 

for this. First, the special structure of makespan objective allows more sophisti- 

cated methods to focus search on critical path. Therefore, computational expense 

to  search for the optimal solution becomes feasible. Quite a number of sophisticated 

scheduling methods have been developed that successfully find optimal solutions for 

smaller sized benchmark makespan problems in a reasonable time, for example, shift- 

ing bot,tlcneck procedures [Adams et al. 19881 [Balasl Lenstra k Vamcopoulos 19931, 

simulated annealing [Laarhoven, Aarts k Lenstra 19921, and tabu search [Nowicki &: 

Smutnicki 19943. Second, priority rules have not provided satisfactory solution qual- 

ity for ma,kespan job shop scheduling problems. This is because makespan objective 

requires very t,ight, coordination among resources and is especially difficult for the 

myopic nature of dispatch scheduling. 

We introduce two simple priorit,y rules, LST (Late Start Time) and LFT (Late 

Finish 'Tim),  which have been primarily used as baseline rules. For an operation 

~ p r ; ~  waiting to be processed, its tail time tt i j  is defined as the remaining downstream 

processing times of opr;j. In other words, 

where T I L ?  is the number of operations in the job. Both rules assunie a common due 

date. dd: for all jobs. The common due date can be set arbitrarily, for example: zero: 

becaiise it. has no effects on the priority ranking. In addition, SPT (short processing 

time): as defined in section 4.1, has also been used in for producing schedule witli the 
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objective of ma.ximizing throughput 

Priorit,y Rule Index Function Rank 
TST dd - tt,, - p,, min , . I  

LFT dd - tt,, mzn 
SPT PZJ min 

Table 5.1: Benchmark Priority Rules for the Makespan Objective 

Tablc 5.1 shows the index functions of LST, LFT, and SPT priority riiles. Law 

start time is the time by which t,he operation must be processed in order for t,hc ,job 

t,o mcct the common due date. LST rule is equivalent. t,o minimum slack rule since 

the lat,e start. time less the current time is the slack of the operation. Late finish time 

is the time by which thc operation must be finished processing in order for t,he job 

to mect the common due date. LFT rule is equivalent to the Schrage riilc: [Carlier 

19821 which prioritizes operations by longest tail time. SPT rule selects operations 

with short,est processing time in an attempt to  expedite job processing. These simple 

rulcs generally do not provide satisfactory results for the makespan objective. 

Since scheduling problems wit,h the makespan objective do not involve a job’s due 

d a k ,  priority rules developed for due-date-based objectives usually a,re not applicable 

to the makespan objective. One way to use due date based priority rules in  the 

makespan objective is t.o solve makespan problems as tardiness problems by sett,ing 

a common due date for all jobs. Makespan result is obtained from the schedde 

gencrated to meet jobs’ common due date. One of the problems with this approach is 

that there is no guidance on how t,he due date is set to  obtain better results. Lsually. 

wc need to try different due dates to obtain a good solution. In addition: br.ca,use of 

the. fundamental difference in the objectives, due-date-based priority rules might not 

he able to  generate schedules with respectable makespan results. Neverthelessl our 

purpose is t,o point out a way that more advanced due-date-based priority rules can be 

used for t,he makespan objective. We will include this approach in our experimental 

study h e r .  

Our primary purpose is to  investigate the utility of explicit decision coordinat,ion 
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among resource agents in dispat,ch scheduling mit.h the makespan objcctivc. I n  COP 

t.rast to ta,rdiness objectives, we do not have prior knowledge horn job shop srhedul- 

ing research as how to  effectively prioritize operations w i t h  the rnakespa.11 objcctivc. 

1 hcrcfore. we need to analyze t,he factors of reducing makespan, the infomiation that 

is useful to exchange among resources, and the usage of t,hese information. The result 

is a. new priority rulc for job shop scheduling problems with the maliespan object,ive. 

This new priority rule incorporates our analysis of the dispatch decision that. need to 

be coordinated among resources to reduce makespan. 

I >  

5.2 Coordination Analysis and Design 

The most. desirable coordination in multiagent problem solving involves complete 

and thorough analysis of agent,s’ interaction such that an accurate decision effect 

model can be incorporated into agents’ decision making and therefore, the courdina.ted 

decision process leads to the optimal group performance. However, in dispa.tch joh 

shop scheduling, the exheme complexityof interaction among resources defies such an 

a,pproach. A middle ground is to identify important factors that, should be considered 

for coordinated dishibuted decisions in dispatch scheduling. 

Rcducing makespan essentially corresponds to reducing resources’ in-process idlc 

t,inies: which occur when there are Operations remaining to  be processed but are 

not, ready because their preceding operations have not. been processed. l h e  essential 

decision in dispat,ch scheduling is to select, an operation waiting in the queue t,o process 

next, when a resource becomes free. The decision is operationalized by a,ssigning 

priorit,ies to competing operations and selecting the one with the highest priority. We 

ident,ificd two factors, derived based on resources’ forecasts of future processing, tha,t 

need to be considered in determining an operation’s dispatch priority in makespan 

objective. We describe t,hese factors as follows. 

D o w n s t r e a m  operation urgency is represented by a function of predicted down- 

stream slacks. In contrast t o  tardiness objectives where slack is defined wit,h 

regard to a job’s due date, we define predicted slack, s:,,,,~ of an operation. 

J. Tin 
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opr?,, wit.11 respect to one of its downstrcam operations, opr,k, in the joh as 

k- 1 

s'. . = pstik - piq - pet;, 

In  ot,het words, a predicted slack is the distance between the prcdicted start/erid 

times of two succ,essive operations adjusted by (.he processing times in betwccn. 

Prcdicted downstream slacks of a job include all predicted slacks between the 

first operation remaining to be processed in the job and all other do5vnstrea.m 

operations. Operations with longer predicted downstream slacks should ha\:c 

lower priority than those with shorter predicted downstream slacks. For exam- 

ple, in Figure 5.3, opr;j and oprpp are two operations competing t,o be processed 

on the samc resource at time t .  Since t.he downstream operations of o p ; j  are 

predictrd to be processed later than that of opr,, (as reflected by longer pre- 

dicted downstream slacks), there is no need to process oprij carlier than u p r , , .  

Downst.rearn operation urgency accounts for coordination among resources with 

regard to jobs. 

tj.Tk 
9=j+l  

release 
date 

predicted future processing by resources 

lij] pmT -1 
Job J i  1 i ( j - I )  I 

(processed) 1 > 

Downs t ream resource priority is represented by a function of the predicted re- 

source finish time. A resource's finish time is the time when all operations 

using the resourcc has been processed, or equivalently, t,he end timc of t,he last 

operation using the resource. In makespan objective, the latest, resourcc fin- 

ish t,ime corresponds to thc makespan of the schedule. Sincc only t,he latest, 
~~ 
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resource finish time counts as the makespan: resources should have different 

iinportance in competing for not being idle during dispatch sc.heduling. ' lhe  

priority of a resource not being idle is based on the predicted finish time of the 

resource adjusted by its predicted idle time. In Figure 5.4> a.t t,inie 1 ,  each rc- 

sourcc R k  has processed a subset of operations, and has a predicted finish time. 

p f t k .  A rcsource predicts its future processing in the assumption that thcrc are 

110 capacit,y constraints on other resources and all upstream operations will he 

processed immediately after time t.' Thereforc, the predicted makespan is an 

underestimate of the actual makespan and will be dynamically increased during 

dispatch process. Predicted idle time of a resource occurs when no operation 

is read,y even with the infinite capacity assumption, such as the idle time of R1 
between opr13 and opi-33. Downstream resource priority represents the d a t i v e  

importance for t,he resource not being idle so that the predicted makespan will 

not increase. For example, in Figure 5.4? R2 predicts the processing of oprZ4 

assuming opr23 will be processed at time t .  Since p f t 2  will he the predictcd 

makespan, if R, is forced to be idle because operations (e.g., 0 p - 2 ~ )  are not 

ready as predicted , then the makespan will certainly increase. On t,he othcr 

hand, idleness on R1 and R3 will notincrease the predicted makespan. There- 

fore, & should have higher priority for not being idle, while R1 is t,he least 

important of not being idle. When making actual decision, R3 should prw 

cess oprz3 before oprlZ. Downstream resource priority accounts for coordina.tion 

among resources for the common evaluation measure (makespan). 

W e  combined t,hese two factors into a notion of makespan urgency where down- 

stream operation urgency is adjusted by downstream resource priority. The makespan 

urgency of an operation is cont,ributed by all the dorvnst,ream operations in  the ,job. 

There are two reasons for the large scope of consideration. First, with the makespan 

'The complex interaction arnong resources prevents more accurate predictions. In t,his rriulbiagent, 
environment where agents' local conditions are uncertain and tightly related, we fcel that agents 
should not make prediction based on others' predictions. By assuming the immediate promasing 
of all upst,ream operations, we avoid potential problem solving bias and treat each agcnt equally i n  
rriaking predichion. 
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32 I 24 

R3 

objective: only when the last operation finishes counts. We need t,o consider as far 

dowiistrearn as possible. Sec.ond, in contrast to due dates in tardiness objectivcs. 

makespan object,ive does not have any reference point, that can be used to  estimak 

global conditions. Therefore, we consider makespan urgency of an operation as tlie 

summation of a composite of  downstream operation urgency and dowist,ream resource 

priority from all the downstream operations in the job. Ementially, the makespa.n ur- 

gency of an operation estimates the priority of processing t,he operation such that the 

predicted niakcspan will be met. 

Our next step is to develop priority index function that represents makespan ur- 

gency. We drew upon research results from weighted tardiness problems t.o design 

our priority index function for makespan objective. First, we adopted the. basic form 

of the w r y  successful ATC rule where priority is indexed by an exponential of a ncg- 

at,iw slack adjiisted by a multiple of processing time. Extensive experimental results 

[Morton & Pent,ico 19931 seem to support the appropriateness of using exponeIitia1 to 

emphasize criticality near the reference point of the rule (e.g., zero in ATC). Therefore: 

w e  used exponential to index hoth downstream operation urgency and downstrcam 

resource priority. Second, parameterized rules allow tuning and are more successful 

than  nonpararneterized rules. We also incorporated parameters in our index fiinc.t.ion. 

For an operation opr;j waiting to  be processed at t ime t ;  we index its priorily by 
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where r n ;  is t.he number of operat,ions in  job J; ,  l t ; j  is the tail time ol: oprij? pij is the 

processing time of opr;j, S Y ~ , ; ~  is the predickd slack of oprij wi th  regard to  opr;k: k: is a 

look-ahead parameter, p ; k  is the processing time of opr;k, p is the adjustment. parain- 

eter. pfl: is t.he predict,ed finish time of a resource R,. used by operation upr;k., pn7. is 

t,he predicted makespan at. t,ime t. which is the largest p f t  among all resources: and 

pit:k is the predicted idle time after opr;k on resource Rf. We used multiplication to 

combine downst,ream operation urgency and downstream resource priority such that, 

both ca.n equally affect the priority. In downstream resource priority> the dist,a,nce 

between the predict,ed finish time and the predicted makespan is ad,justed by t,he pre- 

dictcd idle lime after the operation because the predicted idle time will accommodate 

potential delay of the operation. The makespan urgency of an operation is adjusted 

by its tail time and processing time. We favor operations with shorter processing 

time ( to  expedite processing for other operations) and longer tail time (that requires 

prompt processing). 

Research results in tardiness objectives show that it is nccessary t,o incorporate 

?<-dispatch that strategically inserts idleness for better solution quality. We observed 

the same need in makespan objective. Consider a situation in the end of dispalch 

scheduling where only three operations, opr;j, opr,, and opr,(,+,), remain to be pro- 

cessed on two resources. Opri, is the last operation of job Ji and has a. processing 

time p;j .  Oprp, and ~ p r ~ ( , + ~ )  are the last two operations of job J ,  and have process- 

ing times pp4 and pp(y+l)r respectively. At time t on resource Rkl opr;j is ready t.o be 

proressed? while OPTpq will be ready at t + Jt. If Rr decides to process OPT-;,, first,, the 

final schedule will have a makespan MI = t + p i j  t p,, + ~ ~ ( ~ + l ) .  On the other hand. 

if Rk decides to wait for p p ,  until it is ready, the final schedule will haw a makespan 

:2,fz = 1 + dt + pPp t mi.n(p;j ,p,~qtl~).  Obviously, if (at < p ; j )  A (at < pp(,+l))r then 

Mz < Aft. In  other words, under this condition, the decision of Rk to remain idle a,nd 

wait for a soon-to-be-ready operation reduces the makespan. 

We further developed a penalty function that penalizes operations that, will soon 

he ready. The penalty funct,ion p i j ( t )  for a yet-to-be-ready operation opr;j using R, 
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a t  t h e  t is drfined by 

B x (rdt, ,  - t + lit;.) 
1 + p m  - p f t J , + p ~ t ,  

p-Jt) = 1.0 - 

where B is the penalty parameter, rdti; is the ready time of oprij, ltt: is t,he longest. 

t.ail time of ope rdons  using R, excluding oprjj, pm is the predicted ma.kespan, p f t :  

is the predicted finish time of E,, pitr is the total predict,ed idle timc of El,. The 

actual idleness that would occur is represented by rdt, - t .  The potential delay for 

the downstream operations i s  captured by Itt$ These delay costs are then a,djust,ed 

by the rcsoiircc’s predicted distance to the predicted makespan. In short: we prndize 

the idlenrss on the resource by estimating its effects on the predickd makespan. 

As in X-dispatch in tardiness objectives, the set of operations that are considered 

for processing at time t on a resource is t,he union of the set of operations t,hat 

arc ready and the set. of operations due to be ready by time t + pm, where I),,, = 

min.(p;j + [rdt;j  - t ]+ ) .  The priority of an operation t,hat is yet to be ready is penalized 

by the idleness that it introduces if it is to be selected for processing. The correctcd 

pri0rit.y n:, for a yet-twbe-ready operation opri; with a ready time rdtij at time t is 

set by 

.:, = . i j ( t )@<j(t)  

The priorit,y index function we developed for makespan objective, called M U  

(Makcspan Crgency), formulates decision coordination among resource agents. In 

order to use ML‘> w e  need a traditional priority rule2 for resources to predict their 

future processing. We chose to use LFT rule since it performs better in makespan 

objective than LST rule in our experiments on the benchmark problems. We use 

COFCAST-MI! to refer to the coordinated dispatch procedure using Ml! rule for 

makespan objective. In the next section when we discuss the performance of the new 

t,echniquc, we use MU and COFCAST-MU alternatively. 

W e  now summarize the  COFCAST-MU procedure as follows. 4 t  first, each re- 

source predicts future processing using LFT rule. The latest predicted finish time 

2 1 ~ i ~ 1 ~ s  that. do not use predicted infarmation, such as LST and LFT 
~. 
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among the resources is recorded as the predicted makespan. LYhen a resourcc hc 

comes idle and is ready to  select an operation, it, performs the following act,ions: ( 1 )  

select an opcration based on MU priority index function and assign it,s st.art, t h e :  (2) 

sequence all unprocessed operations by LFT rule and assign predicted start times arid 

predicted end times of these operat,ions;, (3) update its (the resourc.e's) predicted f i~i-  

ish time. predictcd idle t,irne, and t,he predicted makespan if its predicted finish time 

is later than the current predicted makespan, and (4) coordinate fut,ure forecasts by 

adjusting operations' predicted ready times. 

We describe the algorithmic procedure of COFC.4ST-MU as follows? where orti) 

is t,he predict,ed ready time of an operation, p s f ,  is the predicted start time, prtij 

is the predicted end time, es t i j  is the earliest start time, p f t t  is the predictcd finish 

time of a resource Rkr p i t k  is the predicted idle time of a resource Rk, and prn  is the 

current predicted makespan. 

(initialization) 

For i = 1 ,... ? m . , j  = 1,  ..., m;; 

prti; = estij; 

For I; = 1, ...in.; 

RI. predicts future processing using LFT rule 

set p m  t o  latest p f t ;  

while (a resource Rk becomes idle at  time t )  ; 

(Schedule an operation) 

O i  = the set of operations eligible for scheduling ; 

uprij = selected operat,ion from Pk using M U  rule: 

s f ,  = I; 

F t i j  = I t p;j; 

(Forecast f u t u r e  processing) 

0; = t,he set, of unprocessed operations ; 

V Q P - P S  E @;> 

S't = sequence of 0; according to LFT rule; 

assign pst , ,  and pet,, for oprPq in Skp' beginning at e f i j  ; 

.I,  1.h 
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(L!ptlale predicted records) 

set Pflkl 
set piti,; 

if ( p f t k  > prn.); 

!jm = P f t k l  

(Coordinate future forecast) 

J5 = the set of jobs of operations in 5’; ; 
For ertch job Jp in J,; 

oprpq = the first operation remaining to be processed : 

if (prt,, < et,): 

prt,, = etij; 

fi; 

For r = q + 1 to m,; 

set t t  = E t i j  + pp(r-,); 

if (prt , ,  < tt); 
p i p 7  = t t;  

fi; 

od. 

Next,, we conducted an empirical study on the performance of COFCAST-MU 
Our goals of the experiment are to: 1) compare the performances of COFCAST-MU 

to that of the LST, LFT: and X - & K  rules, measure the leverage of incorporating 

decision coordination in dispatch scheduling for makespan objective, 2) compare t.he 

performance of COFCAST-MU to that of other sophisticated techniques, measure the 

utiliLy of COFCAST-MU, 3) examine the COFCAST-MU’S performance variation i n  

differcnt prohlcm sizes and different job/machinc rat,ios, identify conditions wherc 

(IWFCASr-MU performs the bcst,. 

Coordination of Reactive hgents in Distributed Manufacturing Scheduling 
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5.3 Experimental Results 

LVe consider t.wo sets of benchmark makespan problems i n  the experiments. For all 

instances of bath problem sets, each job goes through each machine exactly once. In  

othcr words, t he  number of operations of each job equals t,he n~imber of machines. 

The first set of problems, varying in size from six jobs on six machines ( 6  x 6 )  

t,o thirty jobs on t,en machines (30 x lo),  consist,s of three long standing instances 

(M’106T MT10, hIT20) from [Fisher El: Thompson 19631 and forty inst,ances from 

[Iaurence 19841. For the thrce MT instances, operations’ processing t,imes are drawn 

from a. uniform distribution on the  interval [l, 101 (for MT06) or [l. 991 for (MT10 

and MT20). Each job tends to use lower-numbered machines for earlier operations. 

For the  Lawrence instances, operations’ processing times are drawn from a uniform 

dist,rihution on the interval [& 991 and the sequence of machines being iised by each 

,joh is set randomly. The second set of problems, varying in size from fifteen ,jobs 

OII fifteen machines (15 x 15) to one hundred jobs on twenty machines (100 x 20). 

consists of eighty problems from [Thillard 19931. Processing times of opcrations are 

drawn from a uniform dist,ribution on the interval [l? 991. The seq1enc.e of machines 

being used by each job is also set randomly. The first set of problems are most 

commonly studied in the literature. Actual printout of each problem configurat,irm 

a.long with a known optimal makespan value can be found in [.4pplegate k Cook 

1991]. The second set of problems are recently proposed as larger sized benchmarks. 

The best solution for each problem obtained by an extensive tabu search procedure 

is reported in [Taillard 19931. 

‘The set of priority rules we consider in this experimental study includes SPT. LST, 

LFr. N-ATC. and the newly developed M U  rule. SPT: LST, and LFT are simple 

rilles used in benchmark comparison. X-ATC is the most successful rule in tardiness 

objectives. Both X-.4TC and MU rules are parameterized rules that, require “param- 

eter tuning“. To use X-ATC rule in makespan objective, we introduce an xlditioiial 

due date pa,rameter X for sett,ing job’s due date. For each problem, we calculate the 

inaxirnum total processing lirnc on a resource denoted as fl. Thc common d11e date 

J.  T i i i  
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d for pach job in the problem is s r t  as 

'I'hcreforr, X-ATC rule in makespan objective involves three parameters, which a.re 

the look-ahea,d parameter I;, the penalty parametcr B,  and thc due date parameter 

A. 1tcr.all thal M U  rule also involves thrce parameters? which are the look-ahcad 

paramrt,er I C ,  t,hc adjustment parameter p, and the penalty parametcr B. We t,uncd 

k between 0.5 and 3.0 with a granuhrity of 0.5 (6 different values), B bct.rveen 0.2 

and 1.0 with a granularity of 0.2 ( 5  differcnt values), X between 0.5 arid 3.0 with a 

grmularity of 0.5 (6 different. values)? and p between 0.002 and 0.02 with a granularity 

of 0,003 (6 different values). Therefore, for both X-ATC and M U  rules, cach problem 

was run 180 times with different c.ombination of paramet,er values and the best result. 

is reporled 

5.3.1 On a problem set of smaller sized instances 

Table 5.2 reports the makespan results of the SPT, LST, LFT, , X-ATC, and 

MU rules on thc first problem set. Among the forty Lawrence instances, the optimal 

makespan values for four instances (la21; la27, la29, and la38) hase been difficult. to 

find. 'Therefore. we did not include these four instance.s in the experiment. Problem 

siws are denoted by the number of jobs (j) and the number of machines (m), whosr 

product equals t,he total number of operations in the problem. Results marked by a 

star sign (*) indicate the optimal solutions. 
r l  lahle 5.3 reports the average performance of each priority rule on each problcm 

size and the whole problem set. We have the following observations from the chi- 

periniental results. First, as expected, SPT, LST, and LFT rules perform poorly. 

SPT rule is supposed to maximize shop throughput [Morton & Pentico 19931. which 

corresponds to shorler makespan. However, in shops where jobs' processing times 

vary a lot, e.g., there are jobs with very long operation processing t,imes as well as 

jobs with very short operation processing times: SPT rule would proc,ess shortrr jobs 

first, dchying longer jobs to the end and causing even more resource idleness before 

Coordination or Reactive Agents in Distributed Manufacturing Scheduling 
~ 
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Prob. 
into6 
intlO 
mt20 
la1 
la2 
la3 
la4 
la5 
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la7 
la8 
la9 
la10 
la11 
la12 
la13 
la14 
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la18 
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la22 
la23 
la24 
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la26 
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la35 
la36 
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la39 
la40 

~ 

__ 

~ 

__ 

__ 

~ 

- 

__ 

kd34 
__ 

~ 

~ 

Jxm 
6 x 6  

10 x 1 I  
20 x 5 
10 x 5 
10 x 5 
10 x 5 
10 x 5 
10 x 5 
15 x 5 
15 x 5 
15 x 5 
15 x 5 
15 x 5 
20 x 5 
20 x 5 
20 x 5 
20 x 5 
20 x 5 
10 x I t  
10 x 1c 
10 x IF 
10 x 1C 
10 x 1c 
m 
15 x 1 C  
15 x 10 
15 x 10  

30 x 10 
20 x 10 

JO x 10 
10 x 10 
%O x IO 
10 x 10 

15 x 15 
15 x 15 
.5 x 15 

- 

__ 

__ 

__ 

rn 

m 

rn 

- 

Optimal 
55 
930 
1165 
666 
655 
597 
590 
593 
926 
890 
863 
951 
958 
1222 
1039 
1150 
1292 
1207 
945 
784 
848 
842 
902 
927 
1032 
935 
977 
1218 
1216 
1355 
1784 
1850 
1719 
1721 
1888 
1268 
1397 
1233 
1222 

~ 

SPT 
88 
1074 
1267 
751 
821 
672 
711 
610 
1200 
1034 
966 
1045 
1049 
1496 
1305 
1474 
1427 
1339 
1265 
924 
981 
940 
1000 
1180 
1162 
1171 
1449 
1607 
1541 
1792 
1931 
2204 
1925 
2025 
2110 
1799 
1655 
1534 
1476 

~ 

- 

~ 

- 

- 

- 

__ 

~ 

- 

~ 

__ 
LST 
61 
1108 
1501 
735 
817 
696 
758 
593* 
926* 
970 
943 
1015 
966 
1268 
1137 
1166 
1292* 
1343 
1054 
846 
970 
1013 
964 
1079 
1185 
1101 
1129 
1435 
1487 
1580 
1931 
1875 
1875 
1935 
2083 
1510 
1588 
1500 
1440 

~ 

~ 

- 

__ 

__ 

~ 

- 

- 

- 

- 

~ 

LFT 
60 
1090 
1454 
671 
835 
696 
696 
593* 
926' 
960 
893 
951* 
958* 
1222* 
1050 
1189 
1292* 
1390 
1081 
845 
983 
1000 
984 
1060 
1155 
1085 
1112 
1386 
1468 
1577 
1903 
1850* 
1742 
1825 
2009 
1396 
1584 
1495 
1400 

__ 

- 

~ 

~ 

- 

__ 

- 

- 

- 

- 

__ 
x-ATt 
55* 
986 
1316 
666* 
737 
669 
648 
593* 
926* 
917 
863* 
951' 
958* 
1222* 
1039* 
1150* 
1292' 
1340 
1033 
797 
913 
916 
942 
1082 
1088 
1046 
1056 
1329 
1399 
1409 

1865 
1742 
1732 
1902 

1502 
1434 
1334 

~ 

- 

~ 

__ 

- 

__ 

- 

1898 

L406 

- 

- 
MU 
59 
101s 
1257 
666* 
717 
630 
611 
593* 
926* 
890* 
863* 
95l* 
958* 
1222 
1039 
1150 
1292 
1207 
1043 
859 
905 
907 
9611 
953 
1051 
1008 
1056 
1268 
1265 
1366 
1784' 
1850' 
1719* 
l721* 
1888' 
1352 
1489 
1350 
1353 

~ 

__ 

~ 

__ 

- 

- 

- 

__ 

~ 

__ 

Table 5.2: Ma.kespan Results of Priority Rules on The Smaller Sizcd Problem Set 
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__ 
Prob. 
int,06 
mtlO 
mt20 
lal-6 
1a6-10 
lall-15 
la16-20 
la22-25 
I a 2 6  3 0 
la31-35 
la3G-40 

All 

__ 

__ 

~ 

__ 

j x r n  
6 x 6  
10 x 111 

10 x 5 
15 x 5 
20 x 5 
10 x 10 
15 x 10 
20 x 10 
30 x 10 
15 x 15 

20 x 5 

SP?' (%,) 
60.00 
15.48 
8.76 
14.81 
15,42 
19.52 
17.98 
23.44 
30.31 
13.7F 
26.38 
20.56 

LST (%) 
10.91 
19.14 
28.84 
16.03 
5.17 
5.17 
12.20 
16.13 
18.90 
8.29 
18.06 
12.48 

LFT (74) 

17.20 
24.81 
12.56 
2.27 
3.92 
13.19 
14.03 
16.96 
4.09 
14.82 
10.19 

9.09 
X-ATC (%) 

0.00 
6.02 
12.96 
6.88 
0.61 

6.37 
10.53 
9.38 
1.98 
10.97 
5.73 

2.20 

hlll (%,) 
7.27 
9.14 
7.90 
3 71 
0.00 

8.08 
5.14 
2.98 
0.00 
8.36 
3.76 

0.00 

Table 5.3: Average Makespan Errors of Priority Rules on Each Problem Size 

all jobs a.re processed. Therefore, SPT rule performs even worse than LST and LFT 
rules in most problems. Second, the three long standing instances from [Fisher & 

Thompson 19631 a,re difficult for M U  rule. X-ATC rule is better than h,IU rule in  two 

instances with smaller job/machine ratio, but is worse than M U  rule in one instance 

with larger job/machine ratio. Third, some of the Lawrence instances are actually 

simple. Among the t,hirty-six instances, LST obtains 3 optimal results, LFT obtains 

6 opt,imal results, X-ATC obtains 10 optimal results, and MU rule obtains 17 optimal 

resu11s. Fourth, the average performance of MU rule is better than t,hat of X-.iYl"C 

rille in every category of the Lawrence problem set except the 10-job IO-machinc 

problems. Fifth, in average of all problems, MU rule obtains considera.bly better 

makespan results over SPT, LST, LFT; and X-ATC rules. The improvement tha.t 

COFCAS'l~'-MU brings is 81.76% over SPT rule, 69.95% over LST rule, 63.20% over 

LFT rulel and 34.55% over X - K K  rule. Overall, t,he results clearly show that MU 

rule is t,he best priority rule in coniparison for makespan objective. 

.4 closer examination of the experimental results reveals t,hat t,he performaice 

of COFCAST-MU is affected by t,he job/marhine ratio of problems. In Table 5.3! 

MI,' rille's error percentage considerably drops as the job/machine ratio increases. 

Although i t  might also indicat,e that problems with larger job/machine ratio are 

easier: the performance of SPT, LST, LFT, and X-ATC rules do not follo-r t,he trend. 

Coordinat.iori of React.ivc .4gent.s in Distribut.4 Manufacturing Scheduling 
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Therefore, we conjec.t,ure that COFCAST-MU nile would perform more effectively in 

problems with larger job/numbcr ratio. We will further examine this observation in 

t,hr second set of experiments and elaborate on possible reasons later. 

We also compiled experimcntal results of some advanced scheduliIig techniques 

in the literature, as shown in Table 5.4. SBI reprrsents the shifting Irrot,tleneck pro- 

cedure [Adarns et al. 19881. SB2> SB3, and SB4, are t,he improved versions [Balas 

et al. 19931 of SB1 that make more accurate approximation for makespan minimiz- 

tion with increasing computation cost. M-PCP is a heuristic precedence const,rairil 

posting approach [Cheng & Smith 19951 that solves makespan problem by taking a, 

series of common deadline problems3. SA is a simulated annealing approach to job 

shop scheduling [Laarhoven et al. 19921 with general neighborhood st.ructure. 'I'SAB 

is a. t,abu search approach with bac.ktracking [Now-icki k Smutnicki 19941 that takcs 

a.dva.ntage of the special structure of the critical path of the schedule. SR and WPCP 
are sophisticat,ed heurist,ic methods that incorporat,e some forms of searc.lil while SA 

and 'I'SAB are extensive iterative improvement, methods that involve more compu- 

t,a.tional expense. These represent most of the state-of-the-art scheduling techniques 

for makespan problems. 

3Tl~e commondue date approach is the same as the way we use X-ATC rule in makespan oh,jecbiue 

.J. 1 . i ~  
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'Tahlc 5.4: Makespan Rcsults of Advanced Scheduling Techniques on The Smaller 
Sized Prolden1 Set 

~~ 
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Table 5.5:  Average Makespan Errors of COFCAST-M.IU and Advanccd Scheduling 
Techniqucs 

We compared the performance of COFCAST-MU against the most advanced 

search techniques for makespan problems in Table 5.5.  The techniques in cornpari- 

sori can he grouped into three levels of performance. TSAB and SA are in the first, 

Icuel. SB2, SB3, SB4, and IPI-PCP are in the second level. SRI and COFCAST-RIII 

are in t,he lhird level. The comparison indicates that COFCAS'T-MU has elevated 

thr performance of dispatch scheduling to the level that is comparable to sophisti- 

cated methods. In addition, COFCAST-MU operates in dispatch procediire and is 

not as sensitive to problem size as sophisticated t,echniques. All problem instances 

were solved by COFCAST-MU. implemented in Lisp, in less than 1 second. The 
experiment,al results show that COFCAST-MU: while ret,aining the robustness and 

computational efficiency of dispatch scheduling, can obtain respectable makespan IT- 

sults t,liat are potentially significant in practical applications. 

5.3.2 

In our second experimentl we tested the performance of SPT, LST, LFT, X-ATC> and 

MU rules on Taillard problems. We also adopted the experimental results of shifting 

bottleneck procedure (SB1) and M-PCP on the same set of problems reported in 

[Cheng XC Smith 19951. Table 5.6> Table 5.7, Table 5.8, and Table 5.9 rcport, the 

J.  L,iu 
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150 Coordinated Forecasts for Shop-Related Objectives 

rnakespan results of thcse techniques on the 15-machine and 20-machine prohlrms. 

In these tables, best results' are obtained from an extensive tabu search procedure 

and are reported in [Taillard 19931. Rasults marked by a st,ar sign (*) indica,te the 

optimal solutions. SB1 is reported in [Cheng & Smith 19951 as not able to solve 

one 50-job 15-inachine problem, onr 50-job 20-machine problem, or any of 100-job 

Wrnachine problems, on a Sun SPARC 10 workstation bemuse of excessive memory 

rcquirenients. Among the 80 problem instances, Taillard's tabu search procedure 

( T l S )  found 19 opt,imal solutions. Surprisingly-, COFCAST-MV obtained 14 optimal 

solutions and a makespan result, even better than TTS on one 100-job 20-machine 

instanre. On the other hand, SBl found only one optimal solution, and M-PCP did 

not obtain any optimal solutions. 

Tahle 5.10 reports t,he estimat,ed average makespan errors5 for all techniques on 

68 problem instances, excluding the problem instances not solvcd by the shifting 

bottleneck proccdure. Results reported in 50 x 15 and 50 x 20 problems rnarkrd 

by ( t )  indicate t,lia.t only partial results (9 out of 10 instances) were used to produce 

the average errors. Table 5.11 reports the estimated average makespan errors for all 

techniques except SBl on all 80 problem instances. As a priority rule, MI! clearly 

outpcrforms SPT, LST: LFT, and X-ATC rules by considerable margins. In addit,ion, 

C,'OI;CAST-MU outperforms S B l  in all categories of problem sizes, and leads M-PC.!P 

i n  all categories of problem sizes that have job/machine ratios larger t.han 1. The 

iiriprovcments that, COFCAST-MU brings are 80.06% over SPT rule. S1.167r over 

LSI '  rule, 67.01% over LFT rule, 52.58% over X-ATC rule, 28.287c ovcr SB1. and 

34.02%) over WPCP. As an overall comparison of scheduling techniques on the set 

of problems, Tailhrd's tabu search procedure[Taillard 19931 and TSAB[Sowic.ki ,I; 

Smumicki 19941 have the best results, e.g.: estimated average makespan errors of 

0.00 and 0.41, respectively. 

'.4 slighbly hettzr performance on part of the problem set from TSAB is reported in  [Nowirki ,Yr 
Siiiutnicki I9941 but act,ual makespan result for each problem is not provided. 

5'l'he makespan errors are estimated since they are calculated based on the best, results obtained 
by 'I'aillard's tabu search procedure. not the ac.tual optimal solut,ions, which are not known in most 
problems. 

Coordination of Reactive Agents in Distributed Manufacturing Scheduling 
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1531 
1452 
1668 
1682 
1563 
1477 
1457 
1723 

Job x 1 Best 1 SPT 1 LST 

1440 
1426 
1387 
1494 
1369 
1470 
1491 
1541 

Machine 

15 x 15 

I 

Result 
1231* 
- 

1439 
1429 
1400 
1443 
1423 
1406 
1508 
1573 

1252 
1223 
1181 
1234 
1243 
1228 
1221 
1289 

1331 
1361 
1295 
1367 
1352 
1385 
1397 
1450 

1367 
1289 
1289 
1359 
1314 
1322 
1345 
1437 

1308 1293 
1288 1310 
1253 1285 
1306 1334 
1320 1337 
1307 1333 
1289 1300 
1366 1417 

1534 
1685 
- 

20 X 15 

1707 
1690 
1561 
1696 
1584 
1804 
1751 
1667 
1689 

1381 1690 
1367 1802 
1355 1587 
1366 1835 
1371 1965 
1480 2059 
1432 1748 
1361 1723 
1373 1710 

1619 
1598 
1582 
1642 
1604 
1862 
1737 
1569 
1658 

1 1367 
1568 
1549 
1529 
1502 
1543 
1537 
1652 
1664 
1497 
1552 

1532 1486 

Table 5.6: Makespan results of 15-job, 20-job and 15-machine problems 
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Joh x 
Machine 

30 x 15 

50 x 15 

__ 
Rest 

Result 
l i 7 0  
1853 
1855 
1851 
2007 
1844 
1822 
1714 
1824 
1723 

2756* 
2717* 
2839' 
2689 
2781* 
2943' 
2885* 
2655* 
2723* 

___ 

- 
2 m *  

~ 

SPT 
rule 
2532 
2373 
2261 
2407 
2580 
2445 
2664 
2155 
2417 
2203 
3772 
3276 
3438 
3117 
3159 
3524 
3635 
3489 
3397 
1662 

~ 

- 

__ 
LST 
rule 
2134 
2224 
2349 
2245 
2226 
2365 
2168 
2070 
2221 
2205 
3435 
3378 
3090 
3240 
3122 
3066 
3245 
3372 
3080 
3116 

- 

- 

~ 

~ 

LFT 
rule 
2146 
2163 
2238 
2071 
2191 
2412 
2018 
2005 
2118 
2163 
3427 
3301 
3034 
3135 
3119 
3038 
3232 
3314 
3083 
2978 

~ 

~ 

- 

__ 
X-.4TC 

rule 
2087 
2119 
2208 
2111 
2122 
2185 
1992 
1942 
2095 
2034 
3216 
3117 
2914 
2981 
3038 
2980 
3200 
3153 
2974 
2965 

- 

- 

- 

SB 1 
2017 
2061 
1987 
1996 
1965 
1965 
1976 
1915 
1890 
1838 
2853 
2806 
2761 
!839* 

2924 
2987 
2969 
2755 
2828 

- 

__ 

- 

- 

M-PCP 
w/Relax 

2001 
2019 
2053 
2071 
2106 
2016 
1954 
1853 
2010 
1931 
2948 
2964 
2891 
2905 
2944 
3023 
3156 
3131 
2938 
2904 

__ 
MU 
rnlr 
1873 
1967 
1992 
1955 

1997 
1921 
1798 
1899 
1860 
2860 
2828 
?717* 
!839* 
2764 
!781* 
!943* 
!885* 
2739 
274; 

~ 

20.10 

- 

__ 

rable 5.7: Makespan results of 30-job> 50-job and &machine problems 
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Job x 
Maxhinc 

20 x 20 

30 x 20 

__ 
Best 

Result 
1663 
1626 
1574 
1660 
1598 
1679 
1704 
1626 
1635 
1614 
2064 
1983 
1896 
2031 
2032 
2057 
1947 
200.5 
2013 
1973 

- 

__ 

~ 

__ 
SPT 
rule 
2116 
2060 
1933 
2203 
2072 
2126 
2136 
1968 
2141 
1999 
2480 
2594 
2494 
2772 
2494 
2667 
2633 
2616 
2752 
2429 

- 

~ 

__ 

__ 
LST 
rule 
2044 
1914 
1983 
1982 
1941 
1951 
2091 
1997 
1860 
1935 
2620 
2416 
2345 
2544 
2524 
2447 
2263 
2333 
2382 
2492 

- 

- 

- 

- 
LFT 
rule 
2005 
186E 
1834 
1919 
1873 
1921 
1979 
1869 
1871 
1896 
2583 
2406 
2264 
2459 
2510 
2449 
2242 
2277 
2463 
2378 

__ 

- 

- 

~ 

X-ATC 
rule 
1921 
1784 
1803 
1832 
1812 
1863 
1976 
1790 
1802 
1809 
2452 
2274 
2217 
2326 
2267 
2357 
2163 
2261 
2279 
2326 

~ 

- 

- 

SB1 
1814 
1776 
1822 
1822 
184i 
1861 
1857 
1809 
1771 
1729 
2343 
2199 
2123 
2393 
2262 
2329 
2202 
2191 
2270 
2301 

_. 

- 

~ 

M-PCP 
w/Relax 

1764 
1739 
1687 
1773 
1742 
17.59 
1862 
1719 
1761 
1743 
2323 
2205 
2165 
225:! 
221.5 
2269 
2104 
2277 
2330 
2188 

__ 
MU 
rulc 
1827 
1740 
1752 
1813 
1726 
1794 
1899 
1773 
1797 
IT79 
2238 
2145 
2084 
2166 
2171 
2238 
2094 
2172 
2206 
2177 

__ 

__ 

~ 

Table 5.8: Makespan results of ZO-joh, 30-job and 20-machine problems 
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Job x 
Machinc 

50 x 20 

100 x 20 

~ 

Rest 
Result 
2921 
3002 
2835 
2775 

2914 
2895 
2835 
3097 
3075 

5464* 
5181* 
5568* 
5339' 
5392* 
5342* 
5436* 
5394* 
5358* 
5213 

- 

2800 

~ 

- 

~ 

SPT 
rule 
3647 
3636 
3435 
3582 
3340 
3563 
3445 
3556 
3923 
3644 
6228 

6341 

6264 
6023 
6112 
5941 
6200 
6045 

~ 

__ 

6015 

m n 4  

- 

__ 
LST 
rule 

3461 
3181 
318F 
3429 
3295 
3296 
3203 
3588 
3482 
5977 
5564 
6051 
5669 
6029 
5887 
5895 
5763 
5743 
5553 

- 
3351 

- 

- 

__ 
LFT 
rule 
3335 
3344 
3172 
3172 
3365 
3221 
3247 
3048 
3496 
3443 
5837 
5414 
6065 
5555 
5927 
5923 
5767 
5704 
5563 

__ 

- 

5404 - 

rn 
rule 
3209 
3248 
3025 
2976 

3127 
3159 
2997 

3412 
5699 
5326 
5944 
5478 
5798 
5711 
5585 
5596 
5428 
5387 

~ 

3200 

3398 

- 

- 

__ 

SBI 
3098 
3237 
2978 
2879 
2978 
3089 
3105 
2918 

3163 

__ 

__ 

- 

. 

M-PCP 
w/Relax 

3177 
3241 

295 1 
3061 
3187 
3165 
3048 
3419 
3349 
5804 
5378 
5885 
5553 
5743 
5733 
562 1 
5618 
5563 
5413 

3n.i; 

__ 
MU 
rille 
3016 
3037 
2872 
2793 
2919 
2932 
2955 

3113 
3176 
5464* 
i181* 
5568* 
5339* 
j392* 
j342* 
X36* 
5394' 
i358* 
5183 

~ 

2852 

~ 

- 

l'able 5.9: Makespan results of 50-Job. 100-job and 20-machine problems 

~ 

LFT 
rule 
17.91 
19.32 
17.99 
13.94 
16.22 
20.11 
12.68 
16.99 

- 

- 

- 

X-.4TC 
rule 

12.47 
14.51 
8.80 
12.28 
14.60 
8.82 
11.88 

11.06 

I M-PCP 

10.15 
7.51 
2.66 
10.59 
13.05 

__ 

7.27 
9.64 
7.21 
7.33 
11.64 

7.26 
5.73 

1.95 

Tablr 5.10: Estimated average makespan errors for a subset of larger sized problems 
cxrluding those not solved by SBl 
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.Job x 
hlachinc 
15 x 15 
20 x 15 
30 x 15 
50 x 15 
20 x 20 
30 x 20 
50 x 20 
100 x 20 

All 

__ 
SPT 
rule 

2i.09 
29.75 
31.65 
21.30 
26.69 
29.63 
22.74 
14.33 
25.78 

- 

__ 

__ 

__ 
LST 
rule 

18.44 
21.43 
21.72 
15.88 
20.28 
21.81 
14.86 
8.26 
17.82 

__ 

__ 

~ 

- 
LFT 
rule 

17.91 
19.32 
17.99 
11 .14 
16.22 
20.11 
12.70 
6.41 
15.58 

- 

__ 

- 

___ 
X-ATC 

rule 
11.06 
12.47 
14.51 
10.09 
12.28 
14.60 
8.91 
4.20 
10.84 

__ 

~ 

__ 

M-I’CP 
w /  relax 

5.56 
7.27 
3.61 
7.43 
7.33 
11.64 
8.55 
4.88 
7.79 

7.26 
5.73 

9.29 
8.46 

Table 5.11: Est,imated average makespan errors for all larger sized problems 

\Vc were surprised that COFCAST-MU, which operates on simple dispatch pro- 

cedure, outperforms even sophisticated techniques, such as shifting bot,llencck pro- 

cedurc (SBl) and precedence constraint posting (M-PCP). Thcre seems t,o bc  two 

indications from the experimental results. First, sophisticated methods, snch as SB1 

and M-PCP, are more susceptible t,o deterioration in larger sized problems, where 

(,heir search mechanisms and heurist,ics are overwhelmed by the exponentially er- 

panded search space and are not as effective as in smaller sized problems. Second. 

the coordination technique (COFCAST) we incorporated in dispat.ch schcduling and 

t,he priority rule (MU)  we developed are indeed very usefill, especially in larger sized 

problems where more sophisticated methods are either ineffective or infeaible duc 

to t.he computational expense. In addition: COFCAST-MU has fixed computational 

r.ost with regard t u  problem sizes. COFCAST-MU solved the 100 x 20 problems in 

onc rnim1t.e on a SUN SPARC 5 workstation with a Lisp implementation. 

Recall that in t,he set of smaller sized problems w-e observed a. trend of better 

performmce of COFCAST-MU when job/machine ratio of problems increases. The 

experimental results in the set of larger sized problems are consistcnt with the per- 

formance trend. We conjecture two possible factors that might contribute to this 

performance trend. First, it is possible that problems wit,h larger job/machine ratio 

are less difficult than problems with smallerjob/machine ratio. However: perforniancc 

J. Liu 
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of SPT: LS'I', L.FTI X-ATC rules, SBl, and M-PCP seems to give mixed signals with 

regard to bhe rclat,ion of problem difficuky and job/machine rat.io. Second, t.he coordi- 

nation technique we developed in COFCAST-MU seems to work better in problems 

with largcr job/machine rat,io. One possible reason is that when the job/marhine 

ratio incrcases, each resource has more ,jobs to process and the difference hct,ween 

resources! predicted finish timcs a,nd t,he predicted makespan would become largcr. 

This would enable MU rule to better differentiate resource priorities and provide Inure 

correct. dispatch decisions that, reducc makespan of the generated schednlcs. Overall! 

it appears that COFCAST-MU'S performanc.e trend with job/niachinc ratio is due to 

both factors. 

Finally, wc summarize the performance of COFCAST-MU as follows: 

1. ('OFCAST-hlU significantly advances dispatch scheduling in makespan objec- 

tive. 

2. COlXAST-MU has respectable makespan performance in smaller sizcd prob- 

lems and is very effective in larger sized problems. 

3 C!OFCAST-I\III is especially effective in probkms with large job/Inachinc ratio 

(larger than 2).  

1. The empirica,l computational cost ratio of COFCAST-MU to tradit,ional dis- 

patch scheduling is s, where m is the number of machines, j is the riumbcr 

of jobs in the problem, rn x j > 1 00. 

Cooidination of Reactive Agents in Distributed Manufacturing Scheduling 



Chapter 6 

Conclusions and Future Work 

This t,hesis describes innovative a,pproaches to job shop scheduling based on dis- 

tributed problem solving by reactive agents. We developed effective coordination 

schemes that were implemented in two distributed job shop scheduling syst,ems, 

CORA and COFCAST, with different emphases. Both systems were evaluat,ed by 

extensive experimental studies. Section 6.1 summarizes our approaches with the 

experimental results and concludes the study. Section 6.2 conc.Iudes the ma,in contri- 

butions of the work. Section 6.3 discusses potential future research dircctions. 

6.1 Thesis Summary and Conclusions 

We formally defined constraint part,ition as a st,ructurd decomposition scheme for 

distributed CSPs. By applying constraint part,ition t,o job shop scheduling CSPs, we 

adopt,ed a distributed model where each job and each resource is assigned to a reactive 

agent. We drew upon a social insect metaphor, where complex tasks are achievcd by 

effective coordination of simple insects. We developed two coordination schemes for 

thr distributed job shop scheduling model. 

In the first part of the research, we adopted the constraint satisfaction formulat,ion 

of job shop scheduling and proposed a framework for reactive distributed constraint 

satisfaction, called Constraint Partition k Coordinated React.ion. In CPgiCR.) each 

agent. reacts t o  constraint violations and the problem is solved by the cvolutionary- 
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158 Conclusions and Future Work 

interaction process of the society of reactive agents. W e  developed a coordinat,ion 

scheme for CPkCR based on task disparity among agents and a set. of useful coordi- 

nation inforniat,ion in job shop scheduling domain. The c.oordination schrme and t,he 

set, of coordination information are embodied in the reaction heuristics of job agents 

and resource agents. The resulting scheduling system, CORA, performs problem 

solving in an itcrative process of distributed 1oca.l solution repairing until a feasible 

solution (e.g.. no const,raint violation) is found. Experimental results attest to t.he 

rffectiveness of CORA and reveal favorable scaling up performance. 

Encoilraged by the success of CORA, we ext,ended CORA to job shop scheduliug 

COPS where due date constraints are relaxed as the reference points of the objective 

fuIiction. Anchor&Ascend, a distributed constraint optimization mechanisml adds 

t,o C0R.A a best first search of the anchor agent in reconfiguring the anchor sub- 

solution. Therefore, a globally favorable solution is found by iterative local repairing 

of an initial solution based on an anchor sub-solution with monotonically increa.sed 

local objective cost. Experimental results show that Anchor&Ascend outperformed 

bot,h X-ATC rule, one of the most successful dispatch rules in job shop scheduling, 

and in  a. liniit,ed scale, Focused Simulated Annealing Search; an extensive iterati\:? 

improvement scheduling technique. An additional experiment examined the rangc of 

disparity conditions where Anchor&Ascend are effective. 

Despite t,lieir success in benchmark job shop scheduling CSPs/COPs, t,he funda- 

mental assumption of disparity among agents restricts CORA and Anchor&:Ascend 

to special job shop structure where clear bottleneck resources exist and everyjob uses 

the hott.le.neck resources. In view, of this limitation, we designed a second coordination 

scheme that does not rest,rict to any job shop structure. 

111 bhe second part of t,he research, we adopted dispatch scheduling as the skelet,oii 

procedurc of the coordination scheme. We view each resource as a reactive agent 

that, reacts to resource idleness by dispalching a waiting operation. We view each 

joh as a react,ive agent that performs bookkeaping to  facilitate dispatch procedure. 

We developed the scheme of coordinated forecasts (COFCAST) on top of dispatch 

scheduling that improves dispa.tch decisions based on forecasts of future procrssing 

Coordinatioii of React.ivc Agents in Distributed Manufacturing Scheduling 
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a.inong resource agent,s. A t  each cycle of making a dispatch dec.ision, COPCIAST 

performs four actions: (1) schedule an operation, (2)  forecast future processing, (3;) 

update predicted records, and (4) coordinate future forecasts. COFC'AST involves 

information exchanges bet,meen agents, which are dependent on the objective func- 

t,ion. We developed COFCAST for both due date related objectives a.nd makespan 

object,ive. 

In the study of due date related objectives, we proposed the notiun of rclaxed 

iirgency ( R U )  where jobs' due dates are dynamically relaxed according to resources' 

forecasts of future processing. The dynamically modified due dat,es replace the orig- 

inal stat,ic due date information in the priority rule in use. Expcrinient,al results of 

C0FCAS'I'-RU on benchmark problems with due date related objectives show t,hat 

UOFCAST-RU considerably advances solution quality of dispatch scheduling with 

more successful rules on weighted tardiness objective. The improvement is most. Jig- 

nificant. in shops with t.ight due dates or only one bottleneck resource. 

In the study of makespan objective, we identified two factors, downstream op- 

eration urgency and downstream resource priority; that need to be considered in 

determining an operation's dispatch priority in makespan objective. These kctors 

are derived from resources' forecasts of future processing. By combining these two 

fact.ors, w e  developed a new priority rule? called makespan urgency (MU), t.hat op- 

rrat,es in COFCAST to reduce makespan. Experimental results of COFCAST-MI! 
on benchmark makespan problems show that COFCAST-MU signific.antly advances 

solution quality of dispatch scheduling in makespan objective. While comparing to 

st,a.te-of-the-art scheduling techniques, COFCAST-MU produrred respectable pcrfor- 

mance in smaller sized problems and was shown to be very effect,ive in larger sizcd 

problems. 

Inspired by social insects, we started out with an intention to study the  ap 

proach of solving complex problems by a society of reactive agents. We took job 

shop scheduling, an NP-hard problem, as our problem domain. We developed two 

distributed scheduling syst.ems of reactive agents, with experimentally demo~~strat,cd 

performance, to verify the feasibility and the efficacy o l  this approach. Both sys- 

. I ,  Liii 
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tems perform effcctive problem solving t,hat produces high quality solution with less 

computational cost.. 

The function of the reactive agent,s comes from the incorporat,ed coordination 

schemes. We distinguish bctween coordination procedure and coordination informa- 

tion that, c.onstitute a coordination scheme. A coordinat,ion procedure is a desired 

group bchavior pattcrn which is the result of agents' interaction. Coordination infor- 

niat,ion is the set of exchanged information among agents that affects agents' action 

and facilitates desired group behavior. 

In  CP&CRI the coordination procedure defines an iterative local repairing with 

conditional reconfiguration of an anchor sub-solution. 'The set of coordinalion in- 

formation we developed aims to minimize reciprocal constraint violations between 

agcnt,s and provide operat,ion basis for the coordination procedure. Agents' reaction 

heuristics realize the coordination scheme based on disparity among agents for dis- 

tributed constraint satisfaction and optimization. Group behavior is the product, of 

a hybrid asynchronous interaction process between different types of agents. 

In COFCAST, dispatch scheduling was adopted as the skeleton coordination pro- 

cedure! in which a universal clock synchronizes the decision process of agents. ' l h c  

coordination procedure is further articulated by agents' decision forecasts and extrac- 

lion of indicative information. We developed a set of coordination informat.ion for 

particular objectivc functions that, is utilized in a priority rule to reduce myopia ol 

dispatch scheduling. Agents operate in a forward decision process with fixed compu- 

tationa.1 cost. with respect to problem size. 

Based on the study, we verify the power of reactive agents in problcni solving. Our 

reactive agents feature sophisticated coordination information that pro\ridcs guidancc 

for favorable problem solving decisions. These coordination information incorpora.tr 

t,he designer's knowledge and insight in job shop scheduling problem. Experimental 

results attcst to the problem solving efficacy of these rcactive agents. We conclude 

t,ha.t coordination information is the imperat,ive component of reactive agents. The 

development, of useful coordination information is essential in applying reactive agents 

to complex problem solving. We also verify our thesis that multi-agent coordination 

C.oordinat,ion of Reactive .4gcnt.s in Distributed Manufacturing Scheduling 
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techniques can provide substantial gains in terms of problem solving eficienc; and 

solution quali t.y. 

6.2 Contributions 

'I'his t,hesis makes several contributions to lhe fields of distribut,ed problem solving 

and job shop scheduling. We bricfly describe them as follows. 

a .4 Rea.ctiwe Agent Approach to Distributed Job Shop Scheduling 

While scheduling problems have traditionally been tackled by sopliisticatcd 

agents that perform elaboratc analysis and intensive search, this research prescnts 

an approach to job shop scheduling by simple reactive agents. Agents' problem 

solving actions are guided by a set of coordination information t,ha.t incorpo- 

rates designer's domain knowledge and insight.. Experirnent,al resu1t.s attcst to 

the succcss of this approach in problem solving performance i n  comparison to 

sophisticated scheduling techniques. Due to its surprisingly- efficient compu- 

tational cost, this approach is potentially useful in practical applications that 

demand real time process control. 

a A Structural Decompos%tion Sch6m.e for DCSPs 

Most work on DCSPs have assumed either a prior decomposition or an ad hoc 

decomposition. We formally defined a structural decomposition for NCSPs in 

which thc constraint nctwork is partitioned into a set of constra.int clusters. A 

constraint cluster consists of exclusive constraints of the same type. no~najn of 

variables in a constra.int cluster are related value intervals. These propcrties Irmy 

lead to effective algorithms for solving DCSPs. Therefore: this decompositioIi 

scheme provides a basis for fut,ure study of specialized algorit,hms for distributed 

KCSPS. 

a A Fra.meuiork for DCSPs/DCOPs Ba.sed on Coordination of Reactivc Agents  

Most work on DCSPs have focused on developing algorithms with well studied 

propert,ies. such as completeness and convergence. These algorithms are most,ly 

J .  Liu 
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demonstrated in sma,ll sized test problems and are rarely sc&d up. Our h u m -  

work provides a subst,rate for developing distributed local repairing t,lial would 

he more efficient, for solving large sized pract,ical problems. 

a A n  l?n.lia.n.cement of t h e  Applica.bility of D%spatch Sch.edu1in.g 

Dispat,ch scheduling is simple, efficient, and robust, and has been widely used 

in practical factory scheduling. However; it produces schedules with less ac- 

cept,able quality than thosc from sophisticated techniques t.hat pay t,he price of 

considerable comput,atioIial resources. With analysis of interact,ion facbors: wr 

incorporated explicit coordinat,ion in dispatch scheduling. E.xperimenta1 rcsiilt,s 

demonstrate that the approach significantly advances the scheduling quality of 

dispatch scheduling while reta,ining it,s computat,ional properties. This research 

1na.y liave substantial impact on practical applications. 

e An. Empirical Verification of the Utility of a Social Insect Metaphor in Complex 

PTO lde rr~. Solw ing 

Social insect,s provide physical sources of appreciation and inspiration of orga- 

nized group behavior. Each entity is exlremcly simple and local, yet complex 

functions emerge from their interaction. Previous work has explored the sim- 

ple agent approach to problem solving in problcm domains such a,s K-pumle> 

Blocks World, and Traveling Salesman Problem. By tackling the coniplex job 

shop scheduling problems with successful results, this research adds t,o t h r  e v -  

dence of the utilities of employing simple agents in problem solving. 

0 A n  Empirical Ewahation of Problem Solving Eficacy of Distributed Problem. 

Soltirag 

Most UPS systems arc usually distributed in distant locations and are restricted 

by coniIrmnicat,ion bandwidth. These DPS work focus on techniques that would 

reduce communication and facilitate coherent, hcneficial problem solving among 

sophisticated agents. Problem solving efficiency and solution qua1it.y have not. 

hecn considered as issues and are rarely compared to ccntralized approaches. 

Coordiriation of Reactive Agent.s in Distributed Manufacturing Scheduling 
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This research t,ackles the manufacturing scheduling problems t,hal occur within 

a. factory. With the assumption of adequate communicat,ion ba.ridwidth. t,his 

research emphasizes on achieving effectivc distributed problem solving. lhpcri- 

mcnt,al results provide an empirical evaluation of the problem solving efficacy of 

our approach against advanced centralized techniques. This work adds t.o DPS 

research a new dimension of endeavor and capability. 

6.3 Future Work 

We bricfly discuss some of the directions that further work in the future may take. We 

focus on rxpanding the capability and applicability of our react,ive agent approaches 

in distributed job shop scheduling. 

6.3.1 Relaxing CORA’S Restriction to Special Job Shop Struc- 

ture 

The current coordination scheme in CORA assumes disparity among subproblems. 

Problem solving is achie.ved by an iterative local repairing process based on am an- 

chor sub-solution. It, is assumed that the anchor sub-solution is most crit,ical in 

constructing a fe.asible solution and has cffects on all other sub-solutions. Thc co- 

ordination scheme can be viewed as coordination based on dominance, in which one 

of the.agents is allowed to propagate its decisions and revise them only when ot,hers 

have failed t,heir search. As a result, CORA is restricted to problems in which c.lear 

bottlcneck resources exist and every job uses the bottleneck resources. In  order to 

relax this liinit,ation, a new coordination scheme is necessary. 

It is of interest to explore a coordination scheme based on competition. During 

soltition repairing process, critical decision are- usually are not contained in one 

agent,. Decisions that are regarded as crit,ical should prevail. ‘Textures of constraint, 

violations that indicate critical decision areas need to be developed. Possible COIII- 

ponenls of t,he textures include number of operations involved in the conflicted time 

intcrval, length of the conflicted time interval, and a search effort measur?. The co- 
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ordinalion scheme can be viewed as dynamic micro dominance, in which dec.isiuns of 

different, agents dynamically prevail. The design of compet it,ive coordination att,eIripts 

to adapt, agent,s' intcraction to the opportunities that are dynamically revealed dur- 

ing the solution evolution process and does not assunie any static problem structure. 

This new coordination scheme would extend CORA'S applicabilit,y to problems with 

general job shop structure. 

6.3.2 Enhancing Anchor&Ascend's Scheduling Performance 

Although AnchorkAscend has shown to be effective by limited comparison to other 

search intensive techniques. there are some areas where AnchorkAscend's scheduling 

performance c a  potentially be improved. 

T~ndeoff  of Starch Efficiency and Solution Qu.ality 

C'urrent,ly AnchorkAscend employs a best, first, sear< in the anchor agent? while 

a.t cac.h configuration of the anchor sub-solution all agents operate as in C0R.A. 

When the a,nchor sub-solution needs to be reconfigured, the anchor agent applies 

six modification operators to create six new sub-solutions. Sources of delay of 

finding a. solution include the search performed in CORA and the rapidly grow- 

ing numbers of new candidate subsolutions: many of which may not. l e d  tu  a 

solution at all. It is possible to develop heuristics to reduce unpromising scarch. 

Instead of performing full CORA session at each configuration of the anchor 

sub-solution, heuristics can be incorporated in CORA to recognize unproniis- 

ing configuration with full scaled search and signal for modification. Instead of 

crcating six new sub-solutions at each modification, additional knowledge from 

t,he inadmissibility of the current configuration can be used to dynamically cre- 

ale more promising configuration in lesser numbers. However? while reducing 

the amount of search: some high quality solutions might be overlooked. h r -  

t,her experimental studies are needed to determine the wadeoff between search 

cfficiency and solution qua,lity. 
-~ 
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Another area of possiblc improvement is thc search mechanism of t,he anchor 

agent. Although best first search guaranbee thc best solut,ion, somct,imes i t  

niay require excessive computational timc before a solution is found. A more. 

dcsirable property of a scheduling system is to produce a feasible solution first 

and gradually find bet,ter solut,ions if time is allowed. To achievc this property, 

the anchor agent can use a combination of dept.h first, search a,nd best first 

scarch. The left end lengt,h of conflict frec anchor sub-solution corresponds t,o 

the depth of the search state. When reconfiguring, t,he anchor agent always 

selects a new configuration created from t,he sub-solution with thc most depth. 

This facilitates t,he search for a feasible solution first. After a feasiblc solution i? 

found and if time is allowed, the anchor agenk selects a new configuration created 

from the sub-solution with the most depth and with  less cost than t,he current 

feasible solution. Therefore, the agents can gradually find better solutions. 

Heuristic Optimization on Bottlen.eck Resource 

As we discussed in section 3.2.1, our heuristic optimization procedure on the 

bottleneck resource is inadequate to find a high quality sub-solut,ion in somc 

cases. 'The objective cost of the initial sub-solution is higher than the objective 

cost, of the final schedule generated by X-ATC rule in some problems. It. is obvi- 

ous t,hat we can incorporate X-ATC rule to generate initial sub-solution before 

we apply the heuristic optimization procedure. This should lead to improvcment 

of solution qualit,y in those problems. 

6.3.3 Refining Coordination Information in COFCAST-RU 

In COFCAST-RU, we used relaxed due dates as the indicative informat,ion. We 

defined relaxed due date of a job exclusively based on one of the operat,ions in the 

job that is predicted to be the most tardy. Experimental results indicate that. current 

COFCAST-RC is less effective in shops without. bottleneck resources and shops with 

loose diie dates. In 

shops with loose due dates, fewer operations would be predicted to br  tardy, and 

J.  Liu 
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t.lirrefore. less indicative information is available to correct the myopic decisioiis of 

priority rules. In shops without bottlencck resources: exclusive designation 011 most 

tardy prcdiction is more likely to produce indicative information with lcss credibi1iQ. 

Alternatiots uf Extrading Indica.tine Infunnation 

Besides exclusive designation: there are other alternat,ives to extract indicativr 

information from different predictions, such as synthesis where all predictions 

contribute to t,he indicative information. h possible scheme is l o  rvcigh different 

prcdictions based on resource contention of each resource. This may provide 

remedy for COFCAST-RU in shops with no bottleneck resources. 

;\to.rt Cu m.p let c In d i m  t i w  In formation. 

Extracting information based on how tardy a job would be uses only one part o l  

the prcdictions. This information is not available when jobs are not, prcdicted lo 

he. tardy. On the other hand, the prediction also indicates how early jobs cvould 

be finished before their due dates. A more complete indicative information rnay 

lie defined by both predicted earliness or tardiness. This may provide remedy 

for COFCAST-RU in shops with loose due dates. 

6.3.4 Automating Parameter Setting in COFCAST 

Wit.h advanced index functions and parameter tuning, parameterized priority rules 

usually produce schedules of higher quality than non-paramct,erized priorit,y rules. 

However. parametcr tuning has primarily been a trial-and-error process with little 

t~heoretical guidance. 'Therefore, it, is desirable to eliminate manual parameter sctt,ing 

in COFCAS'I' in order to  facilitate its practical applications. 

In our expcrimental study with COFCASl, we found t,hat schedule quality is 

0ft.e.n rcla.ted to parameter values by V-shaped curves. Instead of conducting a full 

range trial, a simple automatic parameter tuning procedure can be devised t,o locat,e 

pararnct.er values that produce schedules of better quality. For example, the Fibonacci 

scarch is a search technique based on the Fibonacci sequence of numbers and is 
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t,hc most, effective in optimizing a unimodal function [Beveridgc k Schechter 19701. 

Suppose A < x1 < .r2 < B1 where [A,B] is the range of interest. If k(’(z1) < F(x2jr 

we know that the region [A,  zl] does not contain the optimal and can be eliminakd 

from the search. Fibonacci numbers are used to calculate al: x2:  and subsequent. ncw 

positions. The modified Fibonacci search for discrete funct,ions can be implementcd 

as the parameter set,ting mcchanism and can zoom in areas of appropriate pamrneter 

vadues very quickly. 

6.3.5 Performing Reactive Scheduling Study 

Scheduling research has traditionally focused on solving static optimization problems, 

without being concerned with issues of solution executability. However? manufactur- 

ing production environments are inherently unpredictable, e.g., machines break down 

unexpect,edly. customer demands change, operation processing times vary, etc. Re- 
cent research has begun to consider scheduling in dynamic environment,s. [Smith 

19941 presented a constraint-directed approach to reactive scheduling based on in- 

cremental schedule revision. [Zweben, Deale & Gargan 19901 suggested an ikrativc 

repair scheduling approach in space shuttle processing domain. [Burke Sr Prosser 

19891 described a distributed constraint satisfaction approach t.0 scheduling based on 

hierarchically organized sophisticated agents. [Miyashita & Sycara 19951 developed a 

schedule repairing technique based on case based reasoning. In fact,, most recent work 

in scheduling emphasizes an integration of both predictive (generahe)  and reactive 

capabilitics. 

One of t h e  potentials of reactive agent approach to distributed job shop scheduling 

is that the system should be able to react. t,o the dynamic environment.. However, 

without substantial study and demonstration, this reactive capability rcmains an 

intuition and an unsupported claim. Therefore, an additional area of future work is 

to explore CORA and COFCAST in dynamic environments and hopefully, establish 

reactive agents as a viable approach to reactive scheduling. 
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