Abstract

Scheduling tasks among cooperative agents requires tradeoffs between various factors including task prior i - ties and context-dependent execution times. We have specifically been investigating the space of functions for evaluating alternative distributed task schedules for multi-operator applications. In this paper, we describe some candidate functions and converge on intuitively appealing functions, which we showto lead to equivalent preferences over distributed schedules. We then look at the computational complexity of finding schedules that

(approximately) optimize this function. When context switching costs are thrown into the mix, moreover, the complexity becomes even more daunting. To address these problems, this paper summarizes our work on forging correspondences between our problems and those studied in operations research. Moreover, we have developed a newhill-climbing strategy for solving these problems, and we showthat it performs well within the range of parameter settings that are representative of our applic a tion domain.

1. Introduction

The problems of allocating and scheduling tasks among distributed agents have been a central concern in the multi-agent systems literature for many years. Often, making good allocation and scheduling decisions r e - quires a careful analysis of task needs and the relatio n - ships between tasks [7,11]. Moreover, in manydomains the priorities of tasks factor into the decisions, as do the costs of switching between dissimilar tasks byan agent.

In particular, some tasks mayhave different degrees of urgencyand/or importance and are to be accomplished byhuman operators, such as customer phone service o p - erators, operators of nuclear reactors, or personnel in a submarine control room. Specifically, we are looking at the latter application domain; TAIPE (Tactical Assistants

for Interaction Planning and Execution) is a system d e - signed for the Navyto help automate ship operation [6].

In TAIPE, interaction plans determine the functional components that must be used to manage a displaydi a - logue for operators to process tasks. A crewof operators needs to applytheir abilities to process the most impo r - tant tasks quicklywhile considering the inherent diff i - cultyof jumping between dissimilar tasks.

In this paper, we focus on strategies for automatically managing the task assignments and schedules among the human operators. Operator task management in TAIPE has, as one of its responsibilities, the need to balance the task processing loads among the operators such that u r - gent tasks are processed quickly, operators are all uti l - ized, each operator’s time is used efficiently, and operator stress is minimized. These different demands can at times be contradictory. For example, using operators efficientlycan mean that each operator specializes in a particular subclass of tasks so as to minimize context switching overhead. But this can lead to underutilization

(some operators might be idle when there are no tasks of their subclasses to do), poor response to urgent tasks

(which might be concentrated at a fewoperators), and high stress for the operators that have the urgent tasks.

Systems like TAIPE have an unusual combination of properties that set them apart from the kinds of distri b - uted and real-time systems more often studied in co m - puter science. The tasks are of coarse granularity; the message passing costs are negligible relative to the task processing time; the processing elements are complex

(humans); the context switching between tasks can r e - quire substantial effort; the tasks can have different levels of importance; the tasks should not be preempted (due to context switching costs); and hard deadline information is not available since tasks are ^best effort.~

The goal of this paper is to begin to layout the design space for alternative load balancing strategies; specif i - cally, we are concerned with the design of metrics for evaluating the utilityof a particular distributed task schedule for operators, given the priorities and execution times of the tasks. With such metrics in hand, we then

Scheduling High-Level Tasks Among Cooperative Agents

BradleyJ. Clement and Edmund H. Durfee

UniversityofMichigan

ArtificialIntelligence Laboratory

Ann Arbor, MI 48109

{bradc, du r fee}@umich.edu need to develop algorithms for forming (approximately)

optimal distributed schedules, where we can characterize

the complexityof such algorithms. The contributions of

this paper, therefore, are in describing a process for a r -

ticulating the task management objective function in a

decentralized application involving sophisticated agents

and for designing algorithms that are cost-effective in

this complex domain.

In Section 2, we relate howthis work fits in with pr e -

vious research in distributed computing, operations r e -

search, and artificial intelligence. Section 3 proposes a

strategyof incorporating priorities and time needs into

utilityfunctions and singles out one that is intuitively

appealing and flexiblymeets the needs of systems like

TAIPE. After reviewing the complexityof different

variations and simplifications of the scheduling problem

associated with the performance evaluation function,

Section 4 presents simulation results revealing interes t -

ing aspects of the performance based on the search space

topology. Section 5 talks about the complexityof adding

context switching into the problem, introduces a heuri s -

tic-based hill-climbing algorithm for tractablysearching

for good solutions in the more complex domain using the

proposed performance functions, and describes howit

performs in various contexts.

2. Related work

In distributed and real-time systems literature, prior i -

ties are assigned to tasks to resolve system resource co n -

tention. These resources could be processors, memory,

input, etc. Priorities in TAIPE are different in that the

execution time of tasks also plays a part in the scheduling

of tasks (which resolves processor contention). TAIPE´s

task priorities represent urgency, but there is no hard

deadline information to consider. These priorityvalues

are not assigned based on ordering relationships among

the tasks but are intrinsic values possiblyrepresenting the

importance or urgencyof tasks, the rewards for proces s -

ing them, or the costs of not processing them.

Section 3 examines the selection of a function to

evaluate the performance of task schedules based on this

notion of priority. Recently, the operations research

communityhas produced various efficient approximation

algorithms for scheduling that give performance guara n -

tees for within a constant factor of the optimal schedule´s

performance [2,3,9]. These kinds of guarantees are

helpful in building real-time systems that have hard

deadlines. For systems like TAIPE, knowing the e x -

pected performance would also be a valuable, so we give

results of simulations aimed at finding that information

in Section 4.3.

Although these methods for performance evaluation

shape strategies for load balancing, there are also issues

concerning the actual load balancing algorithms and the

architecture of the distributed system. Load-balancing

systems based on hardware architectures give insight into centralized and decentralized task management arch i -

tectures. On a software level, load-balancing algorithms

generallyadopt one of two approaches. One approach is

to optimallybalance the load given the current task set ;

this works well if the optimization problem can be solved

quicklyrelative to the evolution of the task set. The

other approach is to use suboptimal mechanisms that

locally adapt schedules to rapidly-changing task sets

[9,13]. Our work tries to move the first approach toward

the second. The characteristics of TAIPE, where the arr i -

val rate of tasks is relativelylowand the processing time

of tasks is relativelylarge, motivate making (near) opt i -

mal distributed schedules, yet there is enough potential

task turnover to suggest the use of faster, anytime alg o -

rithms.

Context switches between tasks can also be viewed as

a hindering relationship between tasks. Task relatio n -

ships, such as hinders, enables, facilitates, and prec e -

dence are computationallydescribed in the TÆMS (Task

Analysis, Environment Modeling, and Simulation)

framework [5]. TÆMS provides a method for modeling

complex computational task environments. A TÆMS

model aims to analyze, explain, or predict the perfor m -

ance of a system or some part of it. TÆMS maybe us e -

ful for representing complex agent and task interrelatio n -

ships for TAIPE when more information about possible

task relationships are available.

3. Load balancing strategies

To design algorithms for forming distributed sche d -

ules, we first must ask what defines a good schedule. A

good schedule maximizes the performance of the distri b -

uted system, but we then must be clear about what ^pe r -

formance~ means. The performance of schedules have

conventionallybeen measured in manyways:

· average wait · throughput

· operator utilization · turnaround time

· avg. response time · schedule completion time

· deadlines met · availability

· reliabi l ity

In a system like TAIPE, the response time of tasks is

the most important criterion because at critical times the

system must react quicklyto its environment. In other

applications, such as telephone customer service, average

wait maybe more important. We expect that issues

dealing with performance evaluation in terms of average

wait to be similar to those involving response time. B e -

cause some tasks are more urgent than others , we would

rather minimize the response time of higher priority

tasks. Dealing with both of these variables is the subject

of this section.

3.1. Initial strategy; priority = load

Currentlyin TAIPE, not onlydoes the priorityof a

task determine its order in an operator´s queue, but it is also used to represent the task´s load. If we assume that

the priorityrepresents the importance of executing a task,

then load balancing actuallytries to balance cumulative

responsibilityor stress instead of actual workload in

terms of process time requirements. That is, it is possible

for priorityto be balanced among operators and yet one

operator could have substantiallymore work to do b e -

cause of the exec u tion times of his/her tasks.

Even ignoring this workload imbalance for the m o -

ment, balancing based on priorities does not ensure that

the highest prioritytasks are addressed first since ba l -

ancing the cumulative priorities does not place highest

prioritytasks at different operators. If we balance load as

the sum of priorities of tasks for each operator (Figure

1a), we see that not onlyare the highest prioritytasks not

necessarilyprocessed soonest, but also workload (in

terms of processing time) maynot be distributed evenly.

In Figure 1a, there are two operators, and the boxes are

tasks labeled with non-negative, real-valued priorities

with assumed uniform process time requirements. Tasks

at the bottom of the queue are executed first.

The priorities of such tasks can be exaggerated to i m -

prove the distribution of high prioritytasks; this is what

happens in the current TAIPE, which actuallybalances

the sum of the squares of the priorities. Even so, cases

like the one in Figure 1b illustrate that this strategycan

also fail both to ensure that the highest prioritytasks are

addressed soonest as well as to distribute workload.

3.2. Strategies involving exec u tiontime

If we wish to minimize response time or average wait

on higher prioritytasks, we should maximize a utility

function that gives greater value to higher prioritytasks

with smaller response times. The response time for a task is the time it takes to complete its execution from the

time it enters the system; it is the sum of its execution

time and the execution times of all tasks before it in the

queue when it enters the system. For increasing fun c -

tions g and h , the class of general utilityand cost fun c -

tions given in Figure 1c balance both the stress and work

load. Although these functions of are onlytwo examples

of a large space of functions involving g and h and their

compositions, theyappear to be among the most pote n -

tiallyfruitful according to the needs of TAIPE and sim i -

lar systems. Some simple examples we will look at in

some detail follow.

å =

i time response priority

i i U _ 1 å =

i time response priority

i i U _ 2

2

C priority response time i i i

= × å _

Using anyof these utilityor cost functions achieves

the same purpose of minimizing response time for higher

prioritytasks, but the meaning of relative priorityvalues

is different for each equation and variations of them.

This is illustrated bycomparing the utilityand cost fun c -

tions described above for the following alternative o r -

derings of tasks in a queue in Figure 2. The first number

in each box is the task´s priority , the second is the task´s

ex e cution time.

We see that the left schedule is better for the utility

function, U 1 , and the right is better for the other utility

function, U 2 , and the cost function, C . This shows that

priorityassignments have different meanings based on

the nature of the function measuring performance.

Moreover, if we were to square the priorities, will prefer

a different schedule. This illustrates the need to codesign

the function for schedule evaluation and the function for

computing prior i ties.

3.3. The cumul a tive priority strategy

What TAIPE needs is to process higher prioritytasks

as soon as possible . We can think of this as trying to

accumulate as much task priorityvalue as possible as

soon as possible. If we order tasks according to priority /

execution_time ratios, operators will first perform tasks

that get the most ^bang~ (priorityvalue) for the ^buck~

(time i n vested).

In general, we can find the optimal ordering based on

this ^bang for the buck~ notion bymax i mizing the time-

averaged cumulative priority. Figure 3 shows howo r -

dering the tasks for a single operator in decreasing pr i -

ority / execution_time ratios maximizes the area under

4

6 2

2

2

2

2

2

2

2

Op1 Op2

6 4

4

4 2

2

2

2

2

2

2

2

Op1 Op2

6 6

2

4 4

2

2

2

2

2

2

2

Op1 Op2

6 6

load priority i i

= å load priority i i

= å 2

U g priority

h response time i i

i

= å ( )

( _ )

å × =

i i i time response h priority g C ) _ (

) (

(a) (b) (c)

Figure 1. Strategies i n volving execution time

3,2

1,1

3,2

1,1 U 1 = 2

C = 10 C = 9

U 1 = 1.83

U 2 = 4 U 2 = 4.83

Figure 2. Performance function differences the cumulative prioritycurve and, thus, the average c u -

mulative priority. Note that this shows a gradual acc u -

mulation of priorityvalue over the execution of tasks.

The curve could have been plotted as a step function that

added the priorityvalue of tasks at their completions.

From the summation formula given in Section 3.4 for

this function, it is simple to see that the step function has

the same properties as the function that graduallyacc u -

mulates priorityvalue.

We can also use this measure to optimize a multi-

operator schedule. The cumulative priorityfunction now

represents the total accumulated priorityof the system,

which is the sum of the cumulative priorityfunctions of

all of the operators, and the utilityfunction is simplythe

time-averaged cumulative priority. Figure 4 shows how

this utilityfunction gives preference to distributing load

evenlyamong operators. The left side of Figure 4 shows

the situation where nine tasks are spread evenlyamong

three operators. We want to maximize the area under the

cumulative prioritycurve while minimizing the total

execution time. The chart at the bottom shows howthe

cumulative prioritycurve is constructed from those of the

three operators. On the right, we have the same tasks all

allocated to a single operator, and its cumulative priority

function is also shown in the bottom chart. As we would

expect, processing tasks in parallel produces a greater

cumulative prioritycurve. Other properties of this fun c -

tion are explored in the next se c tion.

3.4. Comparing performance functions

We have described different functions that can be used

to evaluate the performance of a schedule and improve

strategies previouslyused byTAIPE. The different fun c -

tions represent different views of the appropriate rel a -

tions among priority, execution time, and the perfor m -

ance of a sche d ule. However, although the time-

averaged cumulative priority, or ^bang for the buck,~

function ( U 3 ) and the cost function summing the products

of priorities and response times ( C ) represent two such

perspectives, theyare, in fact, equivalent. For anytwo

schedules for a set of tasks, theywill always agree on

which is better. A proof can be found in the longer ve r -

sion of this paper [4].

3.5. Schedule evaluationfunctionsummary

In summary, byconsidering the relevant factors for

schedule evaluation in TAIPE, we have been able to na r -

rowthe space of appropriate evaluation functions.

Clearly, the TAIPE starting point is inappropriate.

Moreover, we can enumerate some intuitively-appealing

functions, and showthat the choice between them is

moot, in that theyrepresent consistent preferences over

sche d ules.

4. Complexity of schedule optimization

Nowthat we have identified a good measure for co m -

paring alternative distributed schedules , we have to d e -

termine whether we can use this measure fruitfully

within our application. In particular, we have to assess

the computational complexityof finding schedules that

satisfythe preferences.

Unfortunately, in general, computing an optimal di s -

tributed schedule based on this measure is verycostly.

For example, the cost function is known in operations

research as ^weighted average completion time~ or ^total

weighted completion time.~ The corresponding decision

problem, Scheduling to Minimize Weighted Completion

Time, is stronglyNP-complete for an arbitrarynumber of

machines and is pseudopolynomial for a fixed number of

machines [7]. What this means is that we need to co n -

sider techniques for simplifying or approximating the

calcul a tions.

4.1. Simplifying strategies

Several simplifications of the problem ignore factors

that introduce complexity. These factors include the di s -

tribution across multiple operators, the non-uniform pr i -

orities, and the non-uniform execution times. If we can

relax one of these, we can generate simpler strategies for

generating optimal schedules.

3,2

1,1

0 1 2 3 0

2

4

1 5/6

3,2

1,1

2 1/6 time cum.

priority

Avg Cum. Priority

period time dt t priority cum U

_

) ( _

3 ò =

Figure 3. Average cumul a tive priority

1,2

1,1

1,3

0 1 2 3 4 5 6 0 1 2 3

Avg. Cum. Priority = 7.8 time cum.

priority 1,2

1,1

1,3

1,2

1,1

1,3

1,1 1,1

1,2

1,1

1,3

1,2

1,2

1,3

1,3

Avg. Cum. Priority = 5.5

Op1 Op2 Op3

Op1

0 3 6 9 12 15 18 0 2 4 6 8 10

cum.

priority

time

Figure 4. Cumulative priority in a multi-

operator schedule

If we assume there is no distribution, the problem b e -

comes veryeasy. For the single machine case, schedules

are optimized byapplying Smith´s Rule [12], which o r -

ders tasks according to priority / execution_time ratios.

If we assume uniform priorities, computing a distri b -

uted schedule is similarlyeasy. Since the utilityfunction

and the cost function are equivalent, when two schedules

are compared, the priorityvariable, p i drops out, and only

the sums of response times are compared. Thus, the best

schedule minimizes the average response time. The

shortest-job-first (SJF) strategyis known to optimally

minimize average response time, so the ^bang for the

buck~ strategybecomes SJF with this simplification. The

optimal policyis to order all tasks according to ascending

processing times and then to deal them out to the oper a -

tors such that the next task is assigned to the operator

assigned the shortest total processing time [2].

If we assume uniform execution times, the best sche d -

ule never has a higher prioritytask begin after a lower

prioritytask. This means that tasks can simplybe sorted

bytheir priorityand dealt out to the next available o p -

erator to achieve the best performance; we will refer to

this as the greatest priorityfirst (GPF) rule. A proof of

this is given in a longer version of this paper [4].

4.2. Approximationtechniques

Clearly, one approximation would be to tryto use

simple algorithms like TAIPE currentlyuses, where we

can just order based on a value that can be measured for

each task. As opposed to original TAIPE´s use of prio r -

ity 2 , we want to include response time. Unfortunately,

this will not work for the priority / response_time and

priority 2 / response_time utilityfunctions ( U 1 and U 2 ) ;

Smith´s rule does not applyto them. In Figure 2, we see

an exception for U 1 , and a simple example for U 2 can be

seen in Figure 5. Although the queue on the right is o r -

dered in decreasing priority / execution_time ratios, the

left orde r ing is optimal for U 2 .

Alternatively, we can tryto applySmith´s Rule across

operator task queues for the time-averaged cumulative

priorityfunction. That is, we could tryto construct opt i -

mal schedules byordering all of the tasks in decreasing

priority / execution_time ratios and deal them out to the

most underloaded operator. However, it is easyto find

cases where this approximation fails to match an optimal allocation; an exception is shown in Figure 6.

The right side gives an allocation that ensures that the

task with the highest priority / execution_time ratio is

always being processed; however, the optimal allocation

starts a task with a ratio of 3/2 before another with a ratio

of 2. Notice that the optimal configuration increases

operator utilization while the other puts a higher priority

task behind a lower prioritytask.

In Table 1, we summarize the space of algorithms for

solving variations of the distributed scheduling problem.

The

a | b | g representations of the scheduling problems come from operations research. a describes the number of machines, and P corresponds to m identical machines

(or m identical operators). b is a set of constraints and/or relaxations such as precedence, preemption, or release dates. g is the type of optimization, which in this

1,1

10,6

2,3 1,1

10,6

2,3

U 2 = 17.2 U 2 = 17.0

Figure 5. U 2 and Smith’s rule

3,2

3,1

C = 13

2,1

Op1 Op2

3,2

3,1

C = 14

2,1

Op1 Op2

Figure 6. Smith’s rule for multi-operator case

Performance

Evaluation Function

m -Machs. Single

M a chine

No

Priorities

1 å = i time response

priority i i U _ 1 ? ? SJF

O( n log n )

[2]

2 å = i time response

priority i i U _ 2

2 ? ? SJF

O( n log n )

[2]

3 C pri resp time i i i

= × å _ period time

dt t priority cum U _

) ( _

3

ò =

P w C j j j

| | å

NPC [7] a = 1.2 [12]

1 | | w C j j j

å

Smith´s

Rule

O( n log n )

[12]

P C j j

| | å

SJF

O( n log n )

[2]

Performance

Evaluation Function

No Exec.

Times

Precedence

Constrs.

Context

Switch

1 å = i time response

priority i i U _ 1 GPF

O( n log n )

? NP-hard

[2]

2 å = i time response

priority i i U _ 2

2 GPF

O( n log n )

? NP-hard

[2]

3 C pri resp time i i i

= × å _ period time

dt t priority cum U _

) ( _

3

ò =

P w C j j j

| | å

P p w C j j j j

| | = å 1

GPF

O( n log n )

P prec w C j j j

| | å

NPC [9] a = 1.58

[3]

NP-hard

[2]

Table 1. Complexity of scheduling problems case is minimizing weighted completion time.

In addition, recent results for approximation alg o - rithms are given. An a -approximation algorithm gua r - antees that the performance will be a factor a of the o p - timal solution. In recent years, manyconstant factor approximations for schedule optimization (such as those in the table) have been discovered [1,3,9]. We also wish to assert that introducing context switching adds another level of intractabilityto the problem. In Section 5, we discuss the added complexityof context switching.

The cumulative prioritystrategyappears to be much better studied than the other candidates we have invest i - gated . However, the corr e sponding problem is still NPcomplete, so suboptimal algorithms are expected to be more cost-effective for real-time systems. The approx i - mation algorithm referenced in Table 1 ensures a sol u - tion within a factor of 2 ) 2 (1 + or 1.2 of the optimal cost byordering the entire set of tasks according to

Smith´s Rule and then applying a list scheduling alg o - rithm. However, getting a better sense of the topologyof the search space could tell us if better performance can be expected from informed search methods such as hillclimbing. We next present simulation results that give insight on the expected performance best-first search.

4.3. Investigating best-first searchstrategies

We have described howto efficientlyminimize the weighted completion time cost function ( C ) to within

20% of the optimal using the approximation algorithm of the preceding section. Can we expect to do much better than this? Best-first search methods, such as hillclimbing, offer simple mechanisms to quicklyimprove on solutions and can be flexiblyused in conjunction with other algorithms. Our experimental results reveal the expected performance of using such met h ods.

The simulation results illustrated below were collected over ra n domlygenerated sets of tasks to which hillclimbing was performed on all equallylikely m n-1 a s - signments to operators to completelyexplore the terrain of the search space. The hill-climbing operations, pairwise task swaps and single-task migration, were pe r - formed on a random allocation of tasks to operators, and the tasks were ordered within operators´ queues accor d - ing to Smith´s Rule. Several parameters were varied

(within bounds characteristic of TAIPE and comput a - tionallyfeasible) to see their effects on the computed schedules´ performance:

· number of operators 2 . . 5

· number of tasks 4 . . 11

· range of priorityva l ues 1-3; 1-10; 1-1000

· range of pro c essing times 1-3; 1-10; 1-1000

For each permutation of these parameter values, ten schedule instances were ge n erated and simulated.

Figure 7 shows howthe output schedules´ perfor m - ance varies with the number of operators and tasks within the system (7a), and Figure 7(b) varies the range

of priorityvalues and processing times. The average approximation bythe local optima reveals that hillclimbing finds schedules that perform within one percent of the optimal for our test set; however, the approxim a - tion seems to slowlydiverge from the optimal for greater parameter values. Note that performance is better for fewer tasks and larger ranges of priorities and processing times. However, other results from our simulation [4] showthat larger numbers of operators and smaller ranges of priorities and execution times improved the probability of finding a global optimum, which is well over 50% for all parameter configurations. Also, veryfewhillclimbing steps are needed to reach a local optimum, the worst case being 12.

This experiment suggests that other suboptimal search methods, such as simulated annealing or tabu search, can be expected to perform verywell within bounded ranges of the parameters given here. We also knowthat we can bound this divergence if we use these search methods in conjunction with the 1.2-approximation algorithm. We can expect that good local optima can be found within a fewhill-climbing steps, and hill-climbing can easilybe adapted to use dynamic information, such as newtask arrivals or changing priorityand processing time values.

This bodes well for systems like TAIPE that can use the

^bang for the buck~ performance measure where urgent situations require quick adaptation.

5. Using clustering algorithms for minimizing context switching

In Sections 3 and 4, we identified the time-averaged cumulative priorityfunction as a fitting utilityfunction for evaluating the performance of a schedule. Smith´s

Rule allows the search algorithm to concentrate on the allocation of tasks and ignore the ordering of tasks within a queue when context switching and other task depen d - encies are insignificant. Here we reintroduce context switching into the scheduling problem. We will give a brief analysis of the complexityincurred bycontext switching and relate howsearch algorithms can take a d - vantage of dividing the search space to deal with the added complexity. We follow with results from a sim u - lation to showhow well one search algorithm can pe r - form within the more complex system and comment on

4681 0

2

4 0 .9 9 9 5

1

1 .0 0 0 5

1 .0 0 1

Avg . Approximation by Local Optima

Number of tasks Number of operators

Ratio to Optimum

3 1 0 1 0 0 0 3

1 0

1 0 0 0

0 .9 9 9 8 1 1 .0 0 0 2

1 .0 0 0 4

1 .0 0 0 6

1 .0 0 0 8

Avg . Approximation by Local Optima

Priority Range

Proc .

Time Range

(a) ( b)

Figure 7. Simulation r e sults strategies multi-agent systems can applyto adapt to di f - ferent environment cond i tions.

5.1. Reducing context switches throughcluste r ing

In Section 1, we discussed howcontext switches can affect the performance of a system. Context switches between tasks depend on both the order of execution of tasks within a queue and the allocation of tasks among the queues of multiple operators. An optimal algorithm must find the best allocation based on the best ordering for each queue. A sub-optimal algorithm, however, can deal with these two operations separately.

There maybe much simpler, faster algorithms for handling static situations where the arrival of newtasks is ignored. We believe that in short unusual bursts of task arrivals, the queues will be unusuallylong, and static algorithms could achieve better efficiency. In a d - dition, the coarse granularityof the tasks allows more time for the algorithm to produce a solution before sy s - tem changes make the information obsolete. For these reasons, we feel that static algorithms are appropriate for this system.

We assume that the context switch time between two tasks can be estimated bycomparing their attributes.

Tasks that have similar or matching attributes will have a shorter context switch time than tasks with verydifferent properties. Thus, if similar tasks are allocated together, we should expect smaller average context switch times.

This heuristic can take advantage of clustering alg o - rithms whose purpose is to group similar things.

A clustering algorithm mayhave a measurement that either computes the similarityor dissimilarityof a group of tasks. For two tasks, this maybe represented as a weighted sum of matches (or mismatches) of the values of their attributes. For a cluster of tasks, we can sum these matches over pairs of tasks and normalize them by dividing bythe number of pairs, n ( n -1)/2. We assert that the context switch time for two tasks is directlypropo r - tional to their dissimilarity, or incoherence. The inc o - herence of a cluster is equivalent to the average incohe r - ence of all pairs of tasks, which is calculated as a weighted average percentage of mismatched attribute values. Because we onlylook at whether attribute values match or mismatch in the above computation, we assume that anypair of different values for an attribute will r e - quire the same amount of context switching.

Minimizing the cost function ( C ) for the cumulative prioritystrategyfor the case where context switches are computed in proportion to the number of mismatched attribute values is related to the NP-hard minimum l a - tency problem (MLT), also referred to as the delivery man problem and/or the traveling repairman problem

[1]. This is the problem of finding a tour that minimizes the sum of the latencies (distances from the starting point) of all points. There is a constant factor 29-

approximation for MLT in the case of a distance matrix adhering to the triangle inequality[1]. The context switching problem is the same in the relaxed case of a single operator and equal processing times for tasks.

Context switches between tasks are distances between points that adhere to the triangle inequality˙no two tasks can have more mismatches total mismatches they each have with anythird task. In considering one simple aspect of this scheduling problem, we see intractability, so we can easilyimagine that the scheduling problem without these relaxations must be at least as hard. Now we look at a clustering strategythat deals with this a n - ticipated co m plexity.

5.2. He u ristic-based hill-climbing

This algorithm has been implemented in TAIPE to support two different load balancing schemes. One of these is for single operators to locallysearch for a good cluster of tasks that meet a load requirement and are to be shed to another operator. This method allows task management to be handled decentrally. The other scheme is centralized, and our heuristic-based hillclimbing mechanism searches through the space of task reallocations among two or more operators in order to improve the coherence of clusters at each operator and to balance load. The algorithm relies on a distance function

(measuring incoherence) for improving clusters and a d - dressing load. For the multi-operator scheme, we could substitute the cost function ( C ) to implement a cumul a - tive prioritystrategy. The basic idea is to restart hillclimbing at places in the search space that could lead to the optimal solution. These places are initial allocations of clusters of tasks among operators that are constructed for each attribute as the largest set of tasks sharing the same value. From these initial clusters, tasks are added, swapped, and removed until a local optimum is found.

The best of the local optima found is chosen as the sol u - tion. The algorithm does not allowanychanges to the initial allocations until a local optimum is found and then

^aspirates~ a better solution if one exists byremoving or swapping the original tasks. The idea stems from Tabu

Search where tabu moves maybe taken if theyexceed an aspir a tion level [8].

5.3 Performance withContext Switching

The described algorithm was simulated on data ha v - ing the same characteristics as those of the experiment outlined in Section 4.3 but with the following additional va r ied parameters:

· number of task attributes 3, 5, 9

· number of values per attribute 3, 10

· max context switch 0.1, 0.5 (factor of proc. time)

As expected, the performance of the hill-climbing a l - gorithm grows worse with greater numbers of operators and tasks when faced with context switching (Figure 8).

In contrast with the experiment in Section 4, the number of operators does not make the problem simpler.

Figure 9a shows a slight increase in performance for larger ranges of priorities and processing times. Figure

9b reveals that the number of values per attribute greatly affects the performance while the number of attributes appears to have no effect. These results showthat bestfirst search strategies are effective for parameter ranges realistic to TAIPE even when taking context switching into account.

6. Conclusion

We have looked at the problem of task scheduling and load balancing for a particular multi-agent system. The main contribution here is a function suitable for evalua t - ing the performance of a schedule for such a system. In addition, a link has been made to the complexityanalysis of proposed alternative algorithms in the operations r e - search community. Furthermore, suggestions have been made for choosing search algorithms that can efficiently find solutions that are valued bythis performance evaluation function. We have analyzed the comput a - tional needs of this problem and identified simplific a - tions and approximations that showpromise. In pa r - ticular, besides making newconnections to the operations research literature, we have also examined the use of heuristic hill-climbing methods. For the parameter space

manifested in TAIPE, our results indicate that using these methods provides a promising avenue for managing the task loads and schedules in the distributed system.

Some open questions include developing strategies for evaluating scheduling decisions to accommodate timedependent priorityfunctions and the incorporation of hard deadlines. Hopefully, this investigation can also be used to find methods that switch among different ce n - tralized and decentralized task management architectures and algorithms to handle system dynamics eff i ciently.

Acknowledgements

We thank Marcus Huber, Mike Kurnow, and Jaeho

Lee at Orincon Corporation for their work on TAIPE and ideas on prioritization. This work has also been su p - ported, in part, byDARPA under contract N66001-93-D-

0058, through Orincon Corporation.

References

[1] Avrim Blum, Prasad Chalasani, Don Coppersmith, Bill

Pulleyblank, Prabhakar Raghavan, Madhu Sudan. The

Minimum LatencyProblem. Proceedings of the 26 th Symp o - sium on the Theory of Computing , pp. 163-171, 1994.

[2] Peter Brucker. Scheduling Algorithms . Springer-Verlag,

Berlin, 1995.

[3] C. Chekuri , R. Motwani , B. Natarajan , C. Stein. Approx i - mation Techniques for Average Completion Time Sche d - uling. Proceedings of the Annual ACM-SIAM Symposium on Discrete A l gorithms. pp. 609-618, 1997.

[4] BradleyJ. Clement, Edmund H. Durfee . Scheduling

High-Level Tasks Among Cooperative Agents, http://www.eecs.umich.edu/~bradc/papers , Rev. Apr. 1998.

[5] Keith Decker, Victor Lesser. Quantitative Modeling of

Complex Environments. International Journal of Intelligent

Sys. in Accounting, Finance, and Management , 2(4), 1994.

[6] Edmund Durfee, Jaeho Lee, Marcus Huber, Michael Ku r - now . TAIPE:Tactical Assistants for Interaction Planning and Execution. Proceedings of the International Conference on Auton o mous Agents , pp.443-450, 1997.

[7] Michael R. Garey , David S. Johnson. A Guide to the Theory of NP-Completeness . W. H. Freeman, San Francisco, 1979.

[8] Fred Glover. Tabu Search˙Part I, ORSA Journal of Co m - puting , 1(3) :190-206, 1989.

[9] Leslie A. Hall, Andreas S. Schultz, David B. Shmoys , Joel

Wein . Scheduling to Minimize Average Completion Time:

Off-line and On-Line Approximation Algorithms, http://brutus.mts.jhu.edu/~leslie/#papers . Rev. Mar. 1997.

[10] Tsuyoshi Kawaguchi, Seiki Kyan . Worst Case Bound of an

(LRF) Schedule for the Mean-Weighted Flow-Time Pro b - lem. Siam Journal on Computing . 15(4) :1106-1118, 1986.

[11] Jyi -Shane Liu, Katia Sycara . Multiagent Coordination in

TightlyCoupled Task Scheduling. Proceedings of the 2nd

International Conference on Multi-Agent Systems , pp.

181-188, 1996.

[12] W. Smith. Various Optimizers for Single-Stage Produ c - tion. Naval Res. Logist . Quart. 3:59-66, 1956.

[13] Hua Wu , David Chang, William Oldham . Dynamic Task

Allocation Strategies. IEEE Transactions on Parallel and

Distributed Systems , 6(12) :1301-1306, December 1995.

4 5 6 7 8 9

2

3 4 5 0 . 9 5

1

1 . 0 5

1 . 1

Avg . Approximation by Local Optima

Number of tasks

Number of operators

Ratio to Optimum

Figure 8. Search results based on nu m - ber of operators and tasks

3 10 3

5

9

1.0 3 1.0 35 1.0 4 1.0 45 1.0 5

3 1 0 1 0 0 0

3 1 0

1 0 0 0

1 .0 2 5

1 .0 3

1 .0 3 5

1 .0 4

1 .0 4 5

1 .0 5

Avg . Approximation by Local Optima

Range of

Proc . Times

Range of

Priorities

Avg . Approximation by Local Optima

Number of values

Number of attributes

(a) ( b)

Figure 9. Search results based on a t - tributes and attribute va l ues