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Abstract

In naturally distributed, homogeneous, cooperative problem solving environments
where well-defined tasks arrive at multiple locations, decisions must be made about
the extent of, and overlap between, each agent’s area of responsibility —the agents’
organization. The organization may be constructed statically by a system designer,
or dynamically by the agents during problem solving. No one organization is optimal
across environments or even specific problem solving instances [7, 8, 9].

This paper presents an analysis of static and dynamic organizational structures
for this class of environments, exemplified by distributed sensor networks. We first
show how the performance of any static organization can be statistically described,
and then show under what conditions dynamic organizations do better and worse than
static ones. Finally, we show how the variance in the agents’ performance leads to
uncertainty about whether a dynamic organization will perform better than a static
one given only agent a priori expectations. In these cases, we show when meta-level
communication about the actual state of problem solving will be useful to agents in
constructing a dynamic organizational structure that outperforms a static one. Viewed
in its entirety, this paper also presents a methodology for answering questions about
the design of distributed problem solving systems by analysis and simulation of the
characteristics of a complex environment rather than by relying on single-instance
examples.

1 Introduction

Organizational theorists have long held that the organization of a set of agents cannot
be analyzed separately from the agents’ task environment, that there is no single best
organization for all environments, and that different organizations are not equally effective
in a given environment [9]. Most of these theorists view the uncertainties present in
the environment as a key characteristic, though they differ in the mechanisms that link
environmental uncertainty to effective organization. In particular, the transaction cost
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economics approach [12] focuses on the relative efficiencies of various organizations given
an uncertain environment, while the modern contingency theory approach [15] focuses
on the need for an organization to expand toward the earliest available information that
resolves uncertainties in the current environment.

In this paper we use both of these concepts to analyze potential organizational structures
for a class of naturally distributed, homogeneous, cooperative problem solving environ-
ments where tasks arrive at multiple locations, exemplified by distributed sensor networks
[11]. Previous approaches to analyzing organizations in distributed sensor networks have
either not focused on the effectiveness of the organization [2, 13], or have only analyzed
organizational effectiveness in particular, single-instance examples [8]. Our approach is
to model the task environment mathematically, using a formalism developed specifically
to study distributed coordination and scheduling [3]. We then develop expressions for the
expected efficiencies of static and dynamic organizational structures, in terms of the cost
of communication and time to complete a given set of tasks. Finally, we validate these
mathematical models by using simulations.

A dynamic organization is one in which the responsibilities of agents can be reassigned
based on a developing view of the problem at hand. Due to the uncertainties explicitly
represented in the task environment model, there may not be a clear performance tradeoff
between static and dynamic organizational structures. Agents that have a dynamic orga-
nization have the option of meta-level communication—communicating about the current
state of problem solving as opposed to communicating about solving the problem itself. In
this way, information that resolves uncertainties about the current environment becomes
available to the agents, allowing the agents to then create the most efficient organization
for the situation.

Section 2 describes the task environment model, the assumptions behind it, and an-
alyzes the uncertainties present. Section 4 describes static and dynamic organizational
structures, and develops expressions for the expected performance of each organizational
style. This section also describes a particular algorithm for generating dynamic structures,
and discusses the actual performance of the algorithm. In Section 5 we then show how the
variance in performance without communication can lead to the efficient use of meta-level
communication to customize a dynamic organizational structure. Finally, we discuss how
these results can be used by designers of distributed problem solvers, and how our method-
ology can be used by other researchers. Throughout each section, we will illustrate and
confirm the analytical results experimentally, using as an example a simulated distributed
sensor network similar to the Distributed Vehicle Monitoring Testbed (DVMT) [11].

2 Task Environment Model

Our task environment model of naturally distributed problems assumes that several inde-
pendent groups of tasks arrive at multiple locations over a period of time called an episode.
For example, in a distributed sensor network (DSN) episode the movements of several
independent vehicles will be detected over a period of time by one or more distinct sensors,
where each sensor is associated with an agent. The performance of agents in such an envi-
ronment will be based on how long it takes them to process all the task groups, which will
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include the cost of communicating data, task results, and meta-level communication, if any.
The organizational structure of the agents will imply which subsets of which task groups are
available to which agents and at what cost. For example, if DSN agents have overlapping
sensors, either agent can potentially work on data in the overlapping area (from its own
sensor) without any extra communication costs. We make several simplifying assumptions:
that the agents are homogeneous (have the same capabilities with respect to receiving data,
communicating, and processing tasks), that the agents are cooperative (interested in max-
imizing the system performance over maximizing their individual performance), that the
data for each episode is available simultaneously to all agents as specified by their initial
organization, and that there are only structural (precedence) constraints within the subtasks
of each task group.!

Any single episode can be specified by listing the task groups, and what part of each task
group was available to which agents, given the organizational structure. Our analysis will
be based on the statistical properties of episodes in an environment, not any single instance
of an episode. The properties of the episodes in a DSN environment are summarized by the
tuple D =< A,n,r,0,7 > where A specifies the number of agents, 7 the expected number
of task groups, r and o specify the structural portion of the organization by the range of
each agent and the overlap between agents, and 7 specifies the homogeneous task group
structure (Section 2.5 and Figure 4 describes how task group structures are specified).

Our analysis initially focuses on exactly what a priori knowledge agents have about
the distribution of task groups in an episode. First we will look at the distribution of
the lowest-level sensor subtasks of a single task group among multiple agents (deriving
the maximum expected number of subtasks), and then we will look at the distribution of
task groups themselves. These results will then be used in subsequent sections to derive
the total amount of work, and therefore expected termination performance, under various
organizational structures and control schemes. Section 2.2 derives the expected number of
low-level sensor subtasks at the most heavily-loaded agent given the number of task groups
that same agent sees, how many agents see a single task group, and the environmental
parameters. Section 2.3 then derives the number of task groups at the most heavily-loaded
agent given the number of agents that see a single task group and the environmental
parameters. Section 2.4 derives the number of agents that will see a single task group given
the environmental parameters. Finally, Section 2.5 will show the structure of a task group,
which allows us to derive the amount of work an agent must do given the number of sensor
subtasks it executes, the number of task groups at the agent, and the number of agents
involved in a single task group. All of these parts together allow us to derive the expected
termination time of a particular system of agents.

2.1 Task environment simulation

In the next section and for the rest of the paper, we will test the model we are developing
against simulated DSN problems. Each simulated DSN episode will take place on a
grid where the concepts of length and size correspond directly to physical distances. For

'In general there are usually more complex interrelationships between subtasks that affect scheduling
decisions, such as facilitation [4].



example, Figure 1 illustrates several simple organizations imposed on such a grid in our
simulation.

In the simulation we assume that each vehicle is sensed at discrete integer locations (as
in the DVMT), randomly entering on one edge and leaving on any other edge. Inbetween
the vehicle travels along a track moving either horizontally, vertically, or diagonally each
time unit using a simple DDA line-drawing algorithm (see Figure 5). In an 18 x 18 grid,
the (empirical) average length of a track is 14 units—the actual length of any one track
will range from 2 to 19 units and is not distributed normally. Given the organization (r, o,
and A, and the geometry), we can calculate what locations are seen by the sensors of each
agent. This information can then be used along with the locations traveled by each vehicle
to determine what part of each task group is initially available to each agent. Section 2.5
will detail what the structure of each task group is for the DSN simulation.

A=4 A=4 A=49

0=4 0=8
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r=11 r=13 r=5

Figure 1: Examples of 18 x 18 DSN organizations

This specification is applicable to other interesting environments. For example: each
task group may comprise several different types of subtasks; each agent may only respond
to a certain type of subtask (its ‘range’); multiple agents may respond to the same types
(‘overlap’). In general, the parameters of ‘range’ and ‘overlap’ can be multidimensional.

2.2 Expected number of sensor subtasks

In order to analyze the performance of a particular organization, we will want to know what
proportion of each task group each agent is likely to process. There will be some upper limit
on this proportion (related to the agent’s range ), and sometimes the agent will process
less than this upper limit. Especially in static organizational structures where tasks are not
exchanged, the termination of the system as a whole can be tied to the completion of all
tasks at the most heavily loaded agent. Normally, we would use the average part of a task
group to be seen, but since the focus of our analysis is the termination of problem solving,
we need to examine the expected maximum portion of a task group to be seen. This section
will develop an equation for the expected maximum workload at an agent by counting the
expected number of low-level sensor subtasks (each individually associated with a sensed
vehicle location) that the maximally loaded agent will have.

The amount of a single task group seen by an agent (which is the same as the number
of sensor subtasks in the DSN example) can be viewed as a random variable S with a
probability density function and corresponding cumulative distribution function. In the
DSN environment, S is discrete, and its probability function (determined empirically) is
heavily weighted toward r (the maximum). To simplify the analysis, instead of letting .5



correspond to the number of subtasks in a single task group seen by an agent, let’s create
a new random variable S that we have equal 1 if the agent sees the maximum amount,
and O otherwise. Now S has a Bernoulli (coin-tossing) distribution with parameter p
corresponding to the chance of an agent seeing the maximum amount r of a task group.
Let’s assume we know that N < n is the number of task groups at the maximally loaded
agent, and that on average ¢ < A agents see a single task group (we’ll remove these
assumptions later). The number of times an agent sees the maximum out of NV task groups
(N coin flips) then has a binomial distribution (by ,(s)). We need to know, given that «
agents each flip N coins, what the distribution is of the maximum number of ‘heads’ any
agent sees—this is called the binomial max order statistic, g, n,(s):

bo(s) = (V)p(1—p)N=s [Pr[S = s]]
BN,p(S) = -0 bN,p(x) [Pr[§ < 3]]
gmN,p(S) = BN,p(S)a - BN,p(S - l)a [Pr[S = 5]]

The random variable S referred to any agent, the new random variable S refers to the
maximally loaded agent. 1t’s probability function ¢(s) has a much steeper shape and larger
expected value than the binomial b(s) (try it and see). In the DSN example we have
p = 0.5% and the amount of a task group seen when an agent does not see the maximum
amount averages /2. Now we can convert back from the easy to analyze random variable
S to the variable we are really interested in, S, by the equation 5 = (rS + (r/2)(N — S)).
The expected heaviest load seen by any agent when « agents see N task groups with a
probability p of seeing r and probability 1 — p of seeing /2 is:

E[S|N, d] Zgaw (rs+ 5(N =) (1)

To reiterate: out of N task groups the maximally loaded agent sees the maximum r some
S (a random variable) times, and the other (N — S) times it sees only r/2. Eq. 1 shows the

expected value of a new random variable S that indicates the number of sensor subtasks
at the maximally loaded agent when there are N task groups in an episode. N is itself a
random variable, we’ll look at its distribution in the next section.

Figure 2 shows the heaviest load actually observed and averaged over 1000 runs, plotted
against the expected value, for n tracks and all square DSN organizations [2 < r < 10,0 <
0<r1<VA<10,1< N <10] (R? > .99).

2.3 Expected Number of Task Groups

Given the maximum number of task groups seen by an agent (/V), we can calculate the
expected heaviest agent load using Equation 1. But this begs the question of what is the
maximum number of task groups an individual agent will see, given the actual (n) or

2 A more detailed derivation of this result is in our tech report.
SEmpirically determined through simulation.
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Figure 2: Actual versus predicted heaviest load S for various values of A, 7, 0, and N

expected number (7) that the entire system will see. The solution is similar—each agent
either sees or does not see each of the n task groups, another binomial process. Let N; be
the number of task groups sensed by agent ¢, with a binomial distribution of parameters n
and ¢. If @ is again the number of agents that see a single task group and A the total number
of agents, then ¢ = a/A, the probability that each agent will see a particular track (we’ll
give an equation for ¢ next). By the same derivation as in the last section, the max order

statistic IV has the probability function ¢ 4., ./4(s), and expected value:

n

E[N|n,a] =Y sgamnasa(s) 2)

s=0

Figure 3 shows the actual mean value of the maximum number of tracks seen by an agent
over 1000 runs of the DSN simulation, versus the predicted value, for n tracks and square
DSN organizations [2 < r < 10,1 < VA < 10,1 < n < 10] without any overlap (R2? > .99)

24 Expected Number of Agents

The only remaining term we need to analyze before deriving an expression for system
performance is «, the expected number of agents that will see a single task group. In
general, ¢ will depend on the total number of agents A and the organization (r and o).
When there is only one agent, it will see every task group (¢ = 1). When the agents overlap
completely, every agent sees every task group ([o = r] — [a = A]). When the agents in a

square environment do not overlap, a = VA. The relationship follows the ratio of the area
solely covered by an agent plus the area of the overlapping section, to the total area covered
alone:

2,2
r“ 40
a:A( 272 )

(3)
Note that @ is not a random variable, it is just derived directly from environmental param-
eters. Figure 3 shows a regression of the actual average value of « over 1000 runs verses
the predicted value for all 630 DSN organizations 2 < r < 10,0 < 0 < r,1 < /A < 10]
(R?* > .99).
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Figure 3: On the left, actual versus predicted maximum number of task groups (tracks) seen by any
one agent for various r, A, and n. On the right, actual versus predicted average number of agents
seeing a single task group (track) for various r, 0, and A.

2.5 Work Involved in a Task Structure

Finally we turn to modeling the performance of the system as a whole, which is based on the
structure of the tasks involved. We have developed a characterization of task environments
that formally captures the range of features, processes, and especially interrelationships
that occur during computationally intensive coordination and scheduling [6]. The model of
environmental and task characteristics we propose has three levels: objective, subjective,
and generative; the subjective level is not discussed here.

The objective level describes the essential structure of a particular problem-solving
situation or instance over time. It focuses on how task interrelationships dynamically affect
the quality and duration of each task. In this paper we will concentrate only on duration as
a performance metric. The basic model is that task groups 7 occur in the environment at
some frequency, and induce tasks 7' to be executed by the agents under study. Task groups
are independent of one another, but tasks within a single task group have interrelationships.
An individual task that has no subtasks is called a method M and is the smallest schedulable
chunk of work. The quality and duration of an agent’s performance on an individual task is
a function of the timing and choice of agent actions (‘local effects’), and possibly previous
task executions (‘non-local effects’). When local or non-local effects exist between tasks
that are known by more than one agent, they become coordination relationships [4,5]. The
basic purpose of the objective model is to formally specify how the execution and timing
of tasks affect quality and duration.

At the lowest level, each method (leaf task) M at time ¢ can produce, if executed,
some maximum quality q(M,¢) in some amount of time d(M,?) (each method has an
initial maximum quality and duration qo(A) and do(M)). Q(M, ) will denote the quality
of method M at time ¢; Q(M,t) = O before a method is executed, and in the simplest
case Q(M,t) = q(M,t) = qo(M) after the method is executed. In this paper, we will



be concerned primarily with method durations, and the choice of method quality accrual
function Q)(M,t) is not significant. Any task execution that starts before the execution
of T' completes may potentially affect 7" s execution through non-local effects. There are
precisely two possible non-local effects on 7" under our model: duration effects, where
d(7,t) (duration) is changed for some or all of the methods for a task; and quality effects,
where q(7',1) (quality) is changed similarly. A non-local effect on a task is initiated by
the execution of some other task in the task group. The effect is dependent on the relative
timing of the two task executions, the quality of the task causing the effect, and whether
information was transmitted between the two tasks.

Other work has considered the case of facilitation, a non-local effect where the avail-
ability of a result from one task alters the quality and duration of another task, but the
non-communication of a result has no effect [4]. This work considers a different relation-
ship, precedence. 1f task A precedes task B, then the maximum quality q(B,¢) = 0 until
A is completed and the result is available, when the maximum quality will change to the
initial maximum quality q(B,t) = qo(B).

2.5.1 Execution Model

For this paper we use an extremely simple model of execution. Agents can perform
three actions: method execution, communication, and information gathering. The control
component of an agent determines the next action an agent will perform based on the agent’s
current set of beliefs [1, 14]. A method execution action, of method M, that is begun at
time ¢ will conclude at time ¢ + d(M,?). An information gathering action has duration
do (/) and updates the agent’s set of beliefs with any new information in the environment,
for example, the arrival of data at the start of an episode, or communications from other
agents. A communication action has duration do(C') and, after a communication delay,
makes information (such method execution results) available to other agents. The agent on
the receiving side must perform an information gathering action before the communication
can affect its local beliefs.

2.5.2 Simple Objective DSN Model

Recall that the summary of a DSN environment was the tuple D =< A, n,r, 0,7 >; this
will become our generative model, especially the parameter n (expected number of task
groups). A particular episode in this environment can be described by the tuple D =<
A,r,0,7q,...,7, >where n is arandom variable drawn from an unknown distribution with
location parameter (central tendency) of 1. Note that we make almost no assumptions about
this distribution; its characteristics will differ for different environments. For example, in
the description of our DSN simulation early in Section 2 we noted the physical process
by which vehicle tracks were generated and that the length of the tracks was not normally
distributed.

Each task group 7 ¢ is associated with a track of length /; and has the same basic objective
structure, based on the DVMT:

e [; Vehicle Location Methods (VLM’s) that represent processing raw signal data at a



single location to a single vehicle location hypothesis.

e [, — 1 Vehicle Tracking Methods (VTM’s) that represent short tracks connecting the
results of the VLM at time ¢ with the results of the VLM at time ¢ + 1.

e 1 Vehicle Track Completion Method (VCM) that represents merging all the VITM’s
together into a complete vehicle track hypothesis.

Non-local precedence effects exist between each method at one level and the appropriate
method at the next level as shown in Figure 4—two VLMs precede each VITM, and all
VTM’S precede the lone VCM.

‘V]‘“M * [ ] method (executable task)
/ i ) )
task with quality
= accrual function min
"M - % ——— subtask relationship

- ---> enables relationship

Figure 4: Objective task structure associated with a single vehicle track.

If we assume that each VLM has initial duration do(VLM ) and each VTM has the initial
duration do(VTM), then we can see from the task structure that for each task group the
total execution time taken by a single processor agent will be:

l;do(VLM) + (I; — 1)do(VIM) + do(VCM) (4)

This task structure is a simplification of the real DVMT task structure. For example,
there is no sensor noise (which will cause facilitation relationships between tasks, and there
is no confusion caused by ‘ghost tracks’. Adding these features to the task structure will
cause some interesting phenomena that we will discuss briefly in the conclusions.

3 Model Summary

This section has described our basic model of the DSN environment, beginning with the
basic parameters D =< A,n,r,0,7 >. A particular episode in this environment can be
indicated as D =< A,r,0,7y,...,7, >, where each of the n task groups has the structure
mentioned above. This section also developed expressions for S, the number of low-level
sensor subtasks (i.e., VLM’s) at the most heavily loaded agent, the number of task groups
N at the most heavily loaded agent, and the average number of agents « that see a single
task group. Another way to look at these results is that we have derived the probability
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distributions of these variables, i.e., if the system of agents as a whole sees n total task
groups, then the distributions of /V and S are:

PN = Nln] = gans(N) 5)
Pr[S = 3|N =N|] = ganos(s) (6)
S = (IS+(r/2)(N -8)) 7

Finally Eq. 4 derived the duration, or amount of processing work, involved in a single task
group from its structure.

In the next section we will combine these results with simple local scheduling and
coordination algorithms appropriate for static and dynamic organizations. This will allow
us to describe the performance of a system of agents following one of these organizational
algorithms in a particular episode or environment.

4 Static vs. Dynamic Organizational Structures

Now we have the necessary background to analyze static and dynamic organizational
structures. We have equations for the maximum expected number of subtasks at an agent

given the number of task groups seen S, the maximum expected number of task groups seen

given the total number N, and the predicted number of agents sensing part of a task group «.
The key to static structures is to divide up the overlap area a priori (rather than to penalize
agents for doing redundant work in the overlap area [8]). The key to dynamic organizational
structures is to transfer tasks so that all the agents’ resources are used efficiently.

We will repeat the assumptions we discussed at the start of Section 2 on page 2:
the agents are homogeneous (have the same capabilities with respect to receiving data,
communicating, and processing tasks), the agents are cooperative (interested in maximizing
the system performance over maximizing their individual performance), the data for each
episode is available simultaneously to all agents as specified by their initial organization,
and there are only structural (precedence) constraints within the subtasks of each task group.

4.1 Analyzing Static Organizations

In a static organization, agents divide the overlapping areas of their ranges as evenly as
possible. The result is a new area of responsibility »’ = r — 5 for each agent with no
overlap (see Figure 5).* Given the task structure as described in Section 2.5 and shown in
Figure 4, and any raw data or communicated task results provided by information gathering
actions, the agent can at any time build a list of currently executable methods (under the set
of precedence constraints). Also, at any time an agent can build a list of methods that need
to be executed, but cannot be because their precedence constraints have not yet been met.

4The reason for overlap will be apparent in dynamic structures —multiple agents can work in an overlapping
area without paying any cost for communicating raw data between them. Overlap can also provide redundancy
in case of agent failure.
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The communication action in this algorithm is a broadcast of the highest level results of all
the task groups an agent has worked on. Each agent follows the same control algorithm
(remember, all the raw data is available at the start) and terminates when all task groups are
completed (either locally or by reception of the result from another agent):

(Repeat
Do Information-Gathering-Action
(Repeat
Let E = [get set of currently executable methods)
(For method In E
Do Method-Execution-Action(method))
Until (null E))
Do Communication-Action(broadcast highest-level results)

Let W = [get set of methods still waiting on precedence constraints)
Until (null W))

N

——

N\
N
X /
) y /'//
/| NS

Figure 5: Example of a 3x3 organization, r = 11, 0 = 5, with 5 tracks. The thick dark grey boxes
outline the default static organization, where there is no overlap.

1 4

T
10

First, let us analyze this algorithm assuming that only one task group (vehicle track)
is present. In the environment D =< A,n,r, 0,7 >, if we let S’ represent the largest
amount of low-level data in one task group seen by any agent, and « the total number of
agents that see the task group (from Equation 3), then the amount of time it will take that
agent to construct a complete solution is equal to the amount of time it will take for the
initial information gathering action (do(/)) plus the amount of time to do all the local work
(5'do(VLM) + (5" — 1)do(VTM)), communicate that work (do(C')), get the other agents’
results (do(/)), plus the amount of time to combine results from the other « — 1 agents
((a — 1)do(VTM)), plus time to produce the final complete task group result (do(VCM)),
plus communicate that result to everyone (do(C')). For simplicity we will assume that
do(7) and do(C') are constant and do not depend on the amount of data. Note also that
since this agent is the most heavily loaded, by definition all other agents will finish their
work and have communicated it by the time this agent finishes its local work.

In the general case, if the system sees n = 1 total task groups, then the expected amount
of low-level sensor data (size of the initial data set) at the maximally loaded agent can be
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derived from the marginal expected value for S given the joint distribution of S (Egns. 6,7)
and V (Eq. 5):

n N

E[S]= 323 gan s (N)gunals)(rs + 5(N =) (8)

N=0s5=0

Similar to the single task group case, the total time until termination for an agent receiving

an initial data set of size S is the time to do local work, combine results from other agents,
and build the completed results, plus two communication and information gathering actions:

Sdo(VLM) + (S — N)Ydo(VIM) + (a — 1)Ndo(VIM) + Ndo(VCEM) + 2do(I) + 2do(C)  (9)

We can use Eq. 9 as a predictor by combining it with the probabilities for the values of S

and N given in Eqns. 6, 7, and 5 (this is very similar to the treatment in Eq. 8).

We tested these predictions of Equation 9 versus the mean termination time of our DSN
simulation over 10 repetitions in each of 43 randomly chosen environments from the design
space 2 < 7 <10,0< o0 <r,1<+A<51< N <10]. The durations of all tasks were set at
1 time unit, as were the duration of information gathering and communication actions; we
will demonstrate and discuss the effect of this assumption later in the paper. We used the
simulation validation statistic suggested by Kleijnen [10] (where y = the predicted output
by the analytical model and y = the output of the simulation):

y—y
* = (Var(y) + Var(7)) 17 10)

where Var(j)) is the predicted variance.’ The result z can then be tested for significance
against the standard normal tables. In each case, we were unable to reject the null hypothesis
that the actual mean termination equals the predicted mean termination at the o = 0.05
level ® Figure 6 shows the mean of 10 repetitions in each environment versus the expected
value and its confidence intervals. Regression of the measured and predicted values results
in B2 = 0.96.

4.2 Control Costs

The control algorithm presented above is simple and not necessarily optimal. By commu-
nicating only when there is no local work to be done, the heaviest-loaded agent gives up the
chance for other agents to do the high-level composition in a task group by incrementally
transmitting each result (or set of results on a single task group) as it is completed —a maxi-

A A

mum potential savings of (N —1)(a—1)do(VITM)+ (N —1)do(VCM). However, this needs

N

to be balanced with the cost of multiple communication actions, which is (N — 1)do(C).
Thus the question of ‘when to communicate’ (when to incrementally transmit partial results)

>The predicted variance of Equation 9 can be easily derived from the statistical identity Var(z) =
Ele) - (E[2])".

For non-statisticians: this is a good thing. The null hypothesis is that our prediction is the same as the
actual value, we did not wish to reject it, and we did not.
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Figure 6: Actual system termination versus analytic expected value and analytically determined
50% and 90% confidence intervals. Runs arbitrarily ordered by expected termination time.

rests directly on the cost of communication relative to (¢ — 1)do(VIM) +do(VCM) (which
depends on both the basic method durations and the agents’ organizational structure).

This simple control algorithm can be analyzed easily, unlike many other systems where
control costs are ignored. If we view the cost of control as the time spent by an agent when
not performing an action (executing a method, information gathering, communication),
then our algorithm runs in constant time between actions except for the two tests [get set of
currently executable methods] and [get set of methods still waiting]. Each of these in the
worst case requires a constant-time test of each element of the full task structure, which is of
size O(nr). Thus we see how the control costs, too, are related to organizational structure.

4.3 Analyzing Dynamic Organizations

In the dynamic organizational case, agents are not limited to the original organization and
initial distribution of data. Agents can re-organize by changing the initial static boundaries
(changing responsibilities in the overlapping areas), or by shipping raw data to other
agents for processing (load balancing). We will assume in this section that the agents do not
communicate about the current local state of problem solving directly (see Section 5 on using
meta-level communication). A clearer distinction is that in the dynamic organization each
agent makes its initial decision (about changing boundaries or shipping raw data) without
access to non-local information. In the meta-level communication situation discussed later
the agent has access to both its local information and a summary of the local state of other
agents. In either case the decision to dynamically change the organization is made only
once, at the start of an episode.

In the case of reorganized overlapping areas, agents may shift the initial static boundaries
by sending a (very short) message to overlapping agents, telling the other agents to do all the
work in the overlapping areas. The effect at the local agent is to change its effective range
parameter from its static value of ' = r —0/2 to some value r” where r —o/2 > r" > r—o,
changing the first two terms of Equation 9, and adding a communication action to indicate the
shift and an extra information gathering action to receive the results. Section 4.4 discusses a
particular implementation of this idea that chooses the partition of the overlapping area that
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best reduces expected differences between agent’s loads and averages competing desired
partitions from multiple agents.

In the second case, an agent communicates some proportion p of its initial data to a
second agent, who does the associated work and communicates the results back. Instead
of altering the effective range and overlap, this method directly reduces the first two terms
of Equation 9 by the proportion p. The proportion p can be chosen dynamically in a way
similar to that of choosing where to partition the overlap between agents (Section 4.4).

Whether or not a dynamic reorganization is useful is a function of both the agent’s local
utility and also the load at the other agent. We will again be concentrating on the agent with
the heaviest load. Looking first at the local utility, to do local work under the initial static
organization with n task groups, the heaviest loaded agent will take time:

S'do(VLM) + (5" — n)do(VIM) (11)
When the static boundary is shifted before any processing is done, the agent will take time
dO(Cshort) + S”d()(VLM) + (S” — n)do(VTM) + do(]) (12)

to do the same work, where Cp,q is @ very short communication action which is potentially
much cheaper than the result communications mentioned previously, and S” is calculated
using r”. When balancing the load directly, local actions will take time

dO(Clong) + pSldo(VLM) + p(Sl — n)d()(VTM) + do(]) (13)

where dy(Ciong) is potentially much more expensive than the communication actions men-
tioned earlier (since it involves sending a large amount of raw data). If the other agent had
no work to do, a simple comparison between these three equations would be a sufficient
design rule for deciding between static and either dynamic organization.

Of course, we cannot assume that the other agent is not busy; the best we can do a
priori (without meta-level communication during a particular episode) is to assume the
other agent has the average amount of work to do. We can derive a priori estimates for
the average initial work at another agent from Equation 9 by replacing the probability
function of the max order statistic ¢, n,(s) with the simple binomial probability function
by »(s). Therefore without any meta-level communication, a system of agents could choose
intelligently between static, dynamic overlap reorganization, and dynamic load balancing
given these constraints.

4.4 Dynamic Coordination Algorithm for Reorganization

This section describes a particular implementation of the general idea described earlier
of dynamically reorganizing the partitions between agents for the DSN simulation. This
implementation will keep each agent’s area of responsibility rectangular, and relaxes com-
peting constraints from other agents quickly and associatively (the order of message arrival
does not affect the eventual outcome). To do this, the message sent by an agent requests the
movement of the four corridors surrounding an agent. The northern corridor of Agent 1,
for example, is the northern agent organizational responsibility boundary shared by every
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Figure 7: On the left is a 3x3 static organization, on the right is the dynamic reorganization result
after agents 3,4, 5 and 7 attempt to reduce their areas of responsibility by one unit. In this example
the corridors running North to South have been moved closer by two units to reduce the load on
agents 4, 5, and 6 in the second column.

agent in the same row as Agent 1. As can be seen in Figure 7, a 3x3 organization has four
corridors (between rows 1 and 2, 2 and 3, and between columns 1 and 2, 2 and 3).

The coordination algorithm described here works with the local scheduling algorithm
described earlier in Section 4.1. This is consistent with our view of coordination as a
modulating behavior [4]. The only modification to the local scheduler is that we prevent
it from scheduling local method execution actions until our initial communications are
completed (the initial and reception phases, described below).

The coordination algorithm is then as follows. During the initial phase the local sched-
uler schedules the initial information gathering action, and we proceed to the second phase,
reception. In the second phase we use the local information to decide what organizational
design to use, and the parameter values for the design we choose. To do this we calculate
the duration of our (known) local work (Eq. 11), and then estimate that duration under the
alternative organizations (dynamic reorganization or load-balancing). When a parameter
needs to be estimated, we do so to minimize the absolute expected difference between the
amount of work to be done locally and the amount of work done at the remote agent that is
impacted the most by the proposed change.

For example, when dynamically restructuring, if the overlap between agents is more
than 2 units, we have a choice of reducing the area an agent is responsible for by more
than 1 unit (this is the organizational design parameter p in question). To decide on the

proper reduction (if any), each agent computes its known local work W( p) using Eq. 11
with the actual (not estimated) S’ and /V computed assuming the agent’s area is reduced by
p. Then the agent finds the value of p that minimizes the difference in its known local work

W (r — p) and the average work W (r + p) at the other agent:

S(r,s,N) = (rs—l—g(N—s))

Wir,s,N) = S(r,s, N)do(VLM) + (S(r,s, N) — N)do(VTM)
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Equation 15 is just a restatement of Eqn. 14 (itself derived from Eqns. 5,6, 7, and 11 for the
case of the average, not maximally loaded, agent (thus the use of b, the binomial probability
function rather than ¢, the max order statistic p.f.).

If p = 0, then the agent will not restructure. If p = 0, then the agent sends a message to
all affected agents requesting a reduction of amount p in each corridor (north, east, south,
and west). The agent sets its current area of interest to include only the unique (non-
overlapping) portion of its area (if any), and enters the unique-processing phase. During
this phase the regular local scheduler described earlier controls method execution actions.

When no more methods unique to this agent can be executed, the coordination algorithm
checks the current time. If enough time has passed for the messages from other agents (if
any) to arrive (this depends on the communication delays in the system), the coordination
algorithm schedules an information-gathering action to retrieve the messages. Note that
every agent may reach this point at a different time; agents with a large amount of unique
local work may take some time, agents with no work at all will wait idle for the length of
communication delay time in the system.

At this point each agent will relax its borders according to the wishes of the other
agents. The relaxation algorithm we have chosen is fairly simple and straightforward,
though several similar choices are possible. The algorithm is symmetric with respect to the
four corridors surrounding the agent, so we will just discuss the relaxation of the northern
corridor. There will be a set of messages about that corridor, some wanting it moved up by
some amount and some wanting it moved down by some amount— we will consider these
as positive and negative votes of some magnitude. The relaxation algorithm sums the votes,
and returns the sum unless it is larger than the maximum vote or smaller than the minimum
vote, in which case the max or min is returned, respectively. At this point the agent enters
the final normal processing phase, and the local scheduler schedules all further actions as
described earlier.

4.5 Analyzing the Dynamic Restructuring Algorithm

As we did in Section 4.1, we can develop an expression for the termination time of any
episode where the agents follow this algorithm. To do so, we start with the basic termination
time given all of the random variables. This equation is derived from Eqns. 14 and 15:

N N

T(r,S,N,5,N) = max[W(r —p, S, N),W(r + p,5,N)] (16)

where p is computed as described in the last section using the given values of (r, S, N, 5, N).
To turn this into a predictive formula, we then use the expressions for the probabilities of the

terms S , N , S, and N (from Eqns. 6,7, and 5). For example, we can produce an expression
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for the expected termination of the algorithm:

)ga,N,O.S(S)bn,%(N)bN,O.S(g)T(Tv 5,N,5,N) (17)

Elli‘ M 2
d>|s=

n N n

A S: N:

We tested the predictions of Equation 17 versus the mean termination time of our DSN
simulation over 10 repetitions in each of 10 randomly chosen environments. The durations
of all tasks were set at 1 time unit, as were the duration of information gathering and
communication actions, with the exception of the 4 environments described in the next
section. Using the same validation statistic as before (Eq. 10) in each case we were unable

to reject the null hypothesis that the actual mean termination equals the predicted mean
termination at the o = 0.05 level.’

4.5.1 Increasing Task Durations

Figure 8 compares the termination of static and dynamic restructuring organizations on
identical episodes in four different environments. From left to right, the environments were
A=9.r=90=9n=T7,[A=4r=90=3,n=5],[A=16,r=8,0=5n =4,
[A=9,r =10,0 = 6,n = 7]. Ten different episodes were generated for each environment.
In order to see the benefits of dynamic restructuring more clearly, we chose task durations for
each environment similar to those in the DVMT: do(VLM) = 6,do(VTM) = 2do(VCM) =
28 Note that the dynamic organization often does significantly better than the static
organization, and rarely does much worse —remember that is many particular episodes that
the dynamically organized agents will decide to keep the static organization, although they
pay a constant overhead when they keep the static organization (one extra communication
action and one extra information gathering action, given that the time for a message to reach
all agents is no longer than the communication action time).

5 Using Meta-Level Communication

For some environments D =< A, n,r, 0,7 > one of the three organizational choices may
be clearly better in the long run, but for most environments the choice is not so clear given
the variance in system performance. The choice that optimizes performance over the long
run is often not optimal in any particular episode. Taking the essential equations for local
work in Section 4.3, we can compute confidence intervals on the predicted performance
of an organization under each of the three coordination regimes by combining the local
confidence interval on the expected load of the heaviest loaded agent, and the confidence
interval on the average agent load. These results, for the 50% confidence interval, are
shown in Figures 9 and 10. Again we have assumed that all execution, communication,
and information gathering action durations have the same value (making communication

"For non-statisticians: this is a good thing. The null hypothesis is that our prediction is the same as the
actual value, we did not wish to reject it, and we did not.

8The idea being that the VLM methods correspond to lowest three DVMT KSIs as a group, and the other
methods correspond to single DVMT KSIs, and that a KSI has twice the duration of a communication action.
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Figure 8: Paired-response comparison of the termination of static and dynamic systems in four
different environments (ten episodes in each). Task durations are set to simulate the DVMT (see
text).

relatively expensive). The first figure, Figure 9, highlights how the relationship between
performance under a static organization and a dynamically load balanced organization
changes as the number of agents increases. As expected, load balancing becomes more
desirable as the number of agents increases (in relation to the average number of tracks):
when there are many agents, the average agent load becomes very low, which offsets the
cost of transferring tasks. In this figure the performance difference between static and
overlap reorganization remains nearly constant relative to the number of agents.
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Figure 9: 50% confidence intervals on the expected termination of a system under three coordination
regimes, different numbers of agents, and three values of n

The second, Figure 10, points out how dynamically reorganizing the overlap area
increases the performance over static organization as the amount of overlap increases.
For this graph we assumed that the agents would shrink their entire area of responsibility
(as opposed to minimizing the difference in maximum versus average work as described
in Section 4.4). This graph shows the need for dynamically calculating the shrinkage
parameter (p) especially at high levels of overlap (note how the dynamically reorganized
organization is predicted to do worse at high levels of overlap in the n = 20 portion).
The expected performance difference between the static organization and load balancing
remains relatively constant across changing values of o. In both figures we have let
do(C') = do(Csnort) = do(Ciong); increasing the differences in these values will move the
corresponding curves directly up or down.
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Figure 10: 50% confidence intervals on the expected termination of a system under three control
regimes, different overlaps, and three values of n. Confidence intervals on the load balanced line
are omitted for clarity.

The next series of figures demonstrate the effect of the ratio of computation duration to
communication duration. This and subsequent figures assume that the dynamic restructuring
shrinkage parameter p is set to minimize the difference between maximum and average
local work as described in Section 4.4. Figure 11 shows how the expected value and 50%
confidence interval on system termination changes as the duration of a method execution
action changes from equal to (1x) a communication action to 10 times (10x) that of a
communication action. The task structure remains than of the DSN example described in
Section 2.5. In Figure 11 we see a clear separation emerge between static and dynamic
termination.
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Figure 11: Effect of decreasing communication costs on expected termination under a
static organization and dynamic restructuring (expected value and 50% confidence interval,
A=25r=90=9,n="7).

These figures assume that the number of task groups n is known beforehand. The reason
for this is to highlight the variance implicit in the organization, and minimize the influence
of the external environment. Figure 12 shows how much extra variance is added when only
the expected value of n, which is 7, is known. We assume that the number of task groups
n (in the DSN example, vehicle tracks) that occur during a particular episode has a Poisson
distribution with an expected value of n. The discrete probability function for the Poisson
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distribution, given in any statistics book, is then:
paly) = eV [Prin=y]]

We can use this probability in conjunction with Eqns. 8, 11, and 15 to calculate the
expected value, 50%, and 95% confidence intervals on termination in the static or dynamic
organizations. Note in Figure 12 both the large increase in variance when n is random
(between the top bar and the third bar in the figure), and more importantly the small
decrease in variance in the dynamic restructuring organization (between the first and the
second bars). Note also that the mean termination time for the dynamic organization is
slightly less than that for the static organization.

95% Confidence Interval

I\

50% Conﬁjqence Interval

N

r

—_ Mean
Static, n Poisson | || | Var = 1780 |
Dynamic, n Poisson Il || | || Var = 1450 |
Static, n known 1 | || || | Var = 608 |
Dynamic, n known“ | || || || Var = 520
35 8I5 1;5 15;5

Estimated Termination Time

Figure 12: Demonstration of both the large increase in performance variance when the number of
task groups 7 is a random variable, and the small decrease in variance with dynamic restructuring
coordination [A = 9,7 = 9,0 = 9]. Where n is known, n = 7. Where n is a random variable, the
expected value n = 7.

These figures bring us to the final point of this paper: often system performance can be
improved significantly by dynamic reorganization, but it will rarely always be improved.
Therefore, meta-level communication between agents about their local loads can, with a
small communication cost, pinpoint the true costs and benefits of the various organizational
structures, allowing an informed organizational decision to be made. Instead of an agent
making a decision about restructuring or load balancing by assuming the average load, the
agent will have the actual load for the neighboring agents. As we said in the introduction,
the proper organization is often one that exploits information that resolves uncertainties
about the current environment as it becomes available to the agents, allowing the agents to
then create the most efficient organization for the situation.

6 Conclusions
The results of this paper can be looked at from three points of view. From the practitioner’s

viewpoint, the analysis presented here resulted in a set of design equations that can be used
directly to optimize the performance of a simple DSN, or explore the design space given
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some model of how expensive agents are and what bounds (mean, median, 90% quantile)
on their performance are required. Several of the simplifying assumptions we used, such
as constant communication and information gathering costs, can be easily replaced with
submodels chosen by the designer. From the viewpoint of the distributed AI community,
we have returned to look at the some of the problems first studied by Durfee, Lesser, and
Corkill[8]. They concluded that “Our intent is to show that overly specialized organizational
structures allow effective network performance in particular problem-solving situations, but
that no such organization is appropriate in all situations.” In this paper we reach the same
abstract conclusion, but also show precisely what the effect is of a particular organizational
structure (characterized by both its structural components and its coordination algorithm) in
an environment (characterized by the structure and frequency of its tasks) in a clear way that
not only allows us to predict performance but to explain it. The technique of using binomial
approximations should also prove useful in different domains. From the viewpoint of the
general research community this paper presents a methodology for answering questions
about the design of a system by analysis and simulation. In such a methodology, the
observation of particular phenomena in a complex system (the DVMT) leads to the building
and verification of general models that predict and explain such phenomena.

In the short term, this work leads to the explanation of other interesting distributed
problem solving phenomena displayed in [8]. The addition of noise at DSN sensors leads
to the necessity of more complex coordination with the introduction of more complex
task interrelationships (such as facilitation[4]). The addition of correlated noise in the
environment can then cause these new, more complex coordination mechanisms to break
down, producing the phenomenon recognized as distraction. In the long term, we are
working towards a complete characterization of generalized partial global planning[5] as
a first step towards a theory of coordination in distributed problem solving. We and other
researchers are also using our task structure characterization for the analysis and simulation
of problems in real-time and parallel scheduling.
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A Distribution of the Binomial Max Order Statistic

To expand on the formulae in Section 2.2, the amount of a single task group seen by an
agent can be viewed as a random variable S with probability density function f(s) and
corresponding cumulative distribution function F'(s). Let a be the number of agents that
initially see part of a single task group. By elementary statistics, the density of the max order
Statistic Synar = max (51,52, ...,5,)i8 ¢.(s) = aF(s)*~! f(s). The expected heaviest load
then is f; sg.(s)ds. In the DSN environment, S is discrete, and its probability function
(determined empirically) is heavily weighted toward r (the maximum). To simplify the
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analysis, instead of letting .S correspond to the number of subtasks in a single task group
seen by an agent, we have a new random variable S equal 1 if the agent sees the maximum
amount, and O otherwise. Now S has a Bernoulli (coin-tossing) distribution with parameter
p corresponding to the chance of an agent seeing the maximum amount r of a task group.
S then corresponds to the number of times an agent sees the maximum r if the agent sees
N task groups (tracks). S has a binomial distribution with parameters p and N. Now if «
agents see [V task groups each, what is the distribution of S = max (S1,S2,...,S,)? This is
the max order statistic for the binomial distribution, and because it is discrete, can be easily
derived. The probability function and cumulative distribution function for the binomial
distribution are:
bo(s) = (V)pr(1=pN= [PrS=3]
Bnp(s) = Yioobny(z) [Pr[S < s]]

If we assume each track is independent of the others, we can derive the cumulative distri-
bution function:

IA

Pr[S<s] = Pr[max(S;,Ss,...,S,) < s]
Pr[S; < s]Pr[S; < s]---Pr[S, < s
= Bn(s)*

The probability function g, x,,(s) = Pr[S = s] is then:
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