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Abstract

Title: Using Temporal Information to Learn in a Dynamic Environment
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This thesis explores some techniques of reducing duration uncertainty of events in
planning and scheduling systems. Finding an effective ordering of events requires identi-
fying events with shared stages. Grouping events with shared stages in close temporal
proximity tends to eliminate the shared stages of the next recurring event which, in turn,
eliminates the duration uncertainty associated with these stages. It is observed that events
with shared stages have smaller standard deviations of their mean durations. Hence, find-
ing the standard deviation of relative average duration of paired events allows intelligent
agents to identify events with shared stages. A representation is presented based on the
idea of a o-graph. Once the c-graph is built, a shortest path algorithm such as the Hamil-

tonian Tour can be used to traverse the graph to produce the final ordering of the events.
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Chapter

Introduction

1.1 Problem Statement

This thesis is aimed at studying how intelligent agents can use temporal in-
formation to learn about changes in their world. When looking at a set of events,
one cannot always infer with certainty about their duration. This phenomenon is
called duration uncertainty. Duration uncertainty is a major obstacle for develop-
ing intelligent agents that depend on the order of the events to accomplish a certain
goal. Agents need to carry out a series of events with a prior knowledge of how
long the whole task will take to accomplish. However, with the existence of dura-
tion uncertainty on some or all of the events, the agent will be unable to determine
the total duration of the task. The problem is further complicated by the time and
space constraints imposed by most environments in which agents act. This com-
plication is due to, as we know, the fast response that is expected from the agent.
For this reason, duration uncertainty “leads to the failure in the completion of plans

and schedules” and requires a “time-consuming repair and revision” [12].



1.2 Objectives/Proposal

The goal of this thesis is to study duration uncertainties exhibited in events
that occur repeatedly in dynamic environments. To minimize duration uncertain-
ties, intelligent agents, such as humans, robots, or computer systems, will collect
data about their world. Over time, these data will allow the agent a more accurate
picture of the world. For example, a mail-delivery agent will use information
about streets, road signs, and rush hours to learn the best route to follow to reach a
certain address. On the other hand, a telescope scheduler will use the positions of
stars, weather conditions, and user preferences in its attempt to build a robust
schedule. Agents will be able to decompose the events occurring in their world in-
to smaller pieces, called stages. Then, agents use similarities among these stages

to infer an effective ordering of the events.

1.3 Significance of Work

This work is intended to help automate systems that operate in environ-
ments that change dynamically. The thesis presents a new approach to solving the
problems faced in planning and scheduling systems. This approach makes use of
statistical temporal information that intelligent agents can use to learn about their
world. Using this information helps the agent adjust its knowledge about the

world. Most of these environments currently have humans carry out the work



manually or have automated systems that lack the ability to account for dynamic
changes in their world. With the proposed procedures for minimizing duration-
uncertainties by using an effective ordering of events, such environments will be
fully automated. Moreover, the intelligent systems doing the work will have the

ability to adjust themselves to account for new changes in their domains.

1.4 Summary of Research

This thesis concentrates on researching old ideas, looking for new substi-
tutes, and trying to consider the different environments that are applicable to the
new concepts. A literature search to be familiar with the problems faced in plan-
ning and scheduling systems was essential. Other related issues such as clustering,
temporal reasoning, and searching algorithms were also explored. Graph represen-
tations are basic building blocks in developing the ideas presented in this thesis,
and algorithms such as Dijkestra’s algorithm, the Traveling Salesman problem, the
Near Neighbor algorithm, and the Hamiltonian Tour problem were found relevant.
The thesis also deals with developing appropriate representations for the environ-
ments that are taken as examples in this research. These representations were care-
fully selected to account for the dynamic changes in the environment domains.

Simulating these environments by using the Pascal language was the next goal.



One problem encountered at this point was devising a good simulation of the real

data. Permutations and random data were used to simulate the actual data.

1.5 Summary of the Thesis

This thesis is organized in a way that will make sense to the reader. Chap-
ter 1 introduces the reader to the main theme of the thesis and gives an overview of
the topics at hand. The following chapters present the ideas discussed but in more
detail. Chapter 2 begins with the background of the problem and the related top-
ics. Both theoretical and application concepts are discussed focusing on the algo-
rithms used and how the concepts were brought together. This chapter also gives
an overview of the related material in the literature that was used as the basis for
this research. Scheduling and clustering are two such examples. From there,
Chapter 3 discusses the computational theory behind this research. The focus will
be on efficient event ordering. Also discussed are the possible representations of
events and how to deal with them in a dynamically changing environment. After
that, Chapter 4 gives details about the different algorithms that are used to develop
the techniques presented in this thesis. Implementation issues of these algorithms
are also discussed. Last, Chapter 5 summarizes the findings of this research. This
chapter consolidates the ideas presented throughout this thesis. A discussion of the

problems encountered throughout the course of this research is included, and the



areas of possible enhancements are discussed. The discussion will encourage re-
searchers to enhance the concepts presented in this thesis so that some of the prob-
lems encountered can be alleviated. To summarize, Chapter 1 serves as the front

door to enter a new era of machine learning.



Chapter

Background

2.1 Properties of Environment

Throughout this thesis, the focus will be on environments that have properties
that make them applicable to the analysis. Assume we have a set E of n events, E; to

E,. We assume they have the following properties [12]:

1. The events in E should be causally independent. This means that there

should be:

e No event E; in E that prohibits the execution of any other event E;.

e No event E; presumes the execution of any other event E;.

2. Each event in E should have the tendency to exhibit duration uncertainties.
This means that if we execute any event in E several times, then the dura-

tion of each execution is not fixed.

3. The duration uncertainties of part or all of the events should be eliminated

if possible.
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These properties are very important for our analysis because otherwise, the
ideas presented in this thesis become unnecessary for the environment under study if

such an environment lacks these properties.

2.2 Scheduling Difficulties

Scheduling is the process of allocating a finite set of resources to specific op-
erations so that they obey the temporal restrictions of activities and capacity limita-
tions of the shared resources [7]. Good schedules must reflect both the full detail of
the operating environment and the influence of a conflicting set of preferences that
range from global organizational objectives to specific operational constraints [13].
Some researchers view scheduling as a Constraint Optimization Problem (COP) [5,
6], and others view it as a Constraint Satisfaction Problem (CSP) [13]. Schedules can
range from simple operations such as scheduling daily activities to very complex op-
erations such as factory job-shop scheduling. The more constraints introduced in the
scheduling problem, the more difficult it becomes to solve. Scheduling has been
proven to be NP-Hard (belonging to a class of inherently intractable problems) [1, 8].
The situation in real-world scheduling environments is considerably more complex.

Here is a list of constraints that should be considered in scheduling systems.



e Scheduling Constraints

These constraints should always be considered when scheduling a set

of events. Failure to account for these constraints will result in unrealistic

schedules.

*

Causal or Temporal Restrictions. Typically there are precedence
constraints associated with the sequence of operations for each activ-
ity as well as with the activities themselves. There are different tem-
poral relations that relate operations and activities together. These
restrictions are complicated further by other factors such as the max-
imum allowable time between operations. In addition, each individ-
ual operation possesses a well-defined set of resource requirements
that must be satisfied for specific periods of time either before or

during the execution of the operation [13].

Physical Restrictions. All resources, especially machines, have
specific capabilities that restrict the type of operation and the amount
of load to be performed on them. In addition, these machines have
specific operating characteristics, such as speed and setup proce-
dures, that limit the amount of work carried out on them over a cer-

tain period of time [13].



*

9
Resource Unavailability. In some cases, resources have unpredict-
able periods in which they are not available. Examples include

backup times, break-downs, and sick or absent operators.

o Preferential Constraints

This set of constraints enhances the efficiency of the organization and

the schedule itself and will vary from one organization to another. Some

constraints, such as resource unavailability due to inefficient ordering of the

scheduled events, are the cause of the scheduler itself.

*

Organizational Goals. Some organizations have certain philoso-
phies that govern the way their work is accomplished. Most of these
goals are aimed toward customer satisfaction, stable creditability,
and increasing profits. Some restrictions that organizations might
impose include meeting order due dates, minimizing the processing
time, maximizing resource utilization, and minimizing the amount of

disruption caused by revisions of the schedule [13].

Optimization. Due dates may be extended indefinitely into the fu-
ture, and there may be many solutions to a scheduling problem, some
of which are better than others. Hence, finding the best schedule is,
almost always, the goal. The optimization process involves mini-

mizing the amount of time between the activity’s completion date
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and its due date, minimizing the time required for the activity to be
completed and minimizing the overall cost (money, effort, or re-

sources usage) of activities [7].

* Feasibility and Relaxation. In some situations, a feasible solution
that is within the time and cost constraints does not always exist. In
such cases, the best partial schedule must be generated with some of
the constraints relaxed. The problem is in finding the set of con-
straints to relax and how to relax them. Some of the constraints such
as capacity constraints should not be relaxed, while others such as

cost or due dates could be [7].

e Unpredictable Consequences

In some environments, the scheduler needs to account for some of
the unpredictable situations in which resources become unavailable. These
include machine break-down, failure of orders to pass intermediate quality-
control inspection, introduction of engineering changes, or sick operators
[13]. It is worth noting that this set of constraints is the main source of
schedule inefficiencies. The reason is that these actions are of uncertain du-
rations, and accumulating such durations might cause other actions to fail

scheduling.
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The list of different categories of constraints is not exhaustive. Since some

of these constraints are introduced by the scheduler itself as a result of scheduling a
subset of the events, duration uncertainty associated with the introduction of these
new constraints is often the hardest to reduce. The reasons for this difficulty are the
unavailability of prior knowledge about such constraints and the continuous accumu-
lation and propagation of new duration uncertainties. The next section will build a

framework for intelligent agents working in a dynamic environment.

2.4 Scheduling in a Dynamic Environment

The purpose of this thesis is to build a framework that will enable an intelli-
gent agent to react to changes in a dynamic environment. “A dynamic environment
is defined by a set of states and a set of physical laws that govern how the state of
the environment changes over time” [3]. A system embedded in a dynamic envi-
ronment is typically modeled with a set of states, a set of actions, and a state-
transition function. The state-transition function models the physical laws governing
the dynamic environment and determines the next state, given an initial state and an
action performed by the system. Since changes in the environment occur with no
prior knowledge of their existence, the agent will always be in a state of reacting to
these changes. This behavior does not mean that the agent is totally unaware of what
is happening in its world becuase the agent can define the boundary of its world. It
is only when a change in the environment occurs within this boundary that the agent

adjusts itself to this new change. Here, the agent senses any change in the environ-
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ment, evaluates its state, and reacts only to changes that will make the agent move to
another state. In one form of learning, called reinforcement learning, the agent
moves from one state to another by following a state-transition diagram and a func-
tion that determines its next state [3]. Depending on the next state, the agent re-
ceives feedback from its environment in the form of rewards. Figure 1 shows an ex-
ample of a deterministic environment in which the agent knows its next state. In this

figure, nodes represent states labeled 0, 1, 2, and 3. Arcs represent actions labeled +,

-,and @.

IO}

A D@

Figure 1  State-transition diagram for a deterministic environment.

In a stochastic environment, the next state for a given initial state and action
is determined by a probability distribution on the set of states. Figure 2 shows the

transition probabilities for a stochastic variant of the environment of Figure 1. The
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transition probabilities are shown only for state 0. The transition probabilities for
other states are identical. According to Figure 2, if the agent performs action + in
state 0, then 70% of the time the agent will end up in state 1. In stochastic as well as
deterministic environments, uncertainty makes learning the state-transition diagrams

more complicated.

.3 .
" ) ){_ {‘”(U 3] R
N _—

0.7) < 2\

Figure 2 State-transition diagram for a stochastic environment.

Traditionally, state-based diagrams are used to model the behavior of intelli-
gent agents. However, state-based representations are not effective, because states
are well-defined entities and moving from one state to another means changing the

actual state of the agent to accommodate itself for the following state. These hard
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boundaries that define each state make it difficult for agents to learn the finer details
of their environments. Temporal events, on the other hand, have durations which
can be as large or as small as one desires. These types of events give finer granulari-
ties to the behavior of the agent and make the choice of selecting the right duration
very easy. In addition, relations that define how states are related to each other are
limited, which complicates the learning process. However, with durations, many
temporal relations exist that give an agent much more freedom to determine where to
move next. Before closing this chapter, the next section will introduce some of the
potential applications that are applicable to the new techniques that will be dis-

cussed.

2.5 Potential Applications

After giving a brief discussion of the sources of difficulties encountered in
scheduling systems, a demonstration of these difficulties will be presented by dis-
cussing two applications that will be seen throughout this thesis. These two exam-
ples are telescope scheduling and robot navigation. A detailed discussion of the tele-
scope scheduling can be found in [4], whereas a similar setup for the robot naviga-

tion in an office environment is discussed in [3].

2.5.1 The Telescope Scheduling Problem

The telescope dealt with in this scheduling problem has an automated system

to schedule observations. It electronically receives observation requests from as-
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tronomer users. Each astronomer should specify the constraints on the observation
such as the observing window, which is an interval of time, typically between one
and eight hours, that indicates the applicable start and end times of the required ob-
servation. Each request should also include an enablement interval which is a sub-
interval of the observing window. This interval actually restricts the time to start
the observation. All requests are put in a queue, and can remain in the system for
weeks or months. During the day, the data are fed to a scheduler that produces a
feasible, reasonable-scoring observing schedule. The resulting schedule is com-
posed of actions that will be executed in the scheduled sequence. After an action
completes execution, if the current time is outside the next action’s enablement in-
terval, then the schedule breaks and execution halts. Each action involves moving
the telescope to a point at (or near) a star and then searching for a limited section of
the sky in order to center the star within the telescope lenses. The amount of time
required to complete the star centering process is impossible to predict. This diffi-
culty makes predicting how long each action will take to execute more difficult and

hence a better chance for the schedule to break.

To reduce the effects of schedule breakages, a group of NASA researchers
has developed a technique called Just-In-Case scheduling, or JIC for short, that
searches for places in the schedule where there is a chance for breaking. For each
breakage point, JIC tries to find a new substitute schedule. JIC repeats the process

for the newly generated schedules and then stores these schedules for later use.
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When the telescope starts running, it starts executing the optimal version of the
schedule. Throughout the night, if a breakage occurs, the telescope then selects the

substitute schedule at that point.

Breakage can be caused by several factors. Weather conditions are the most
important ones which make breakage unavoidable. Since the scheduler has to center
the telescope on a star, the time it takes to carry out the process varies depending on
where the telescope is before it starts centering. This centering process is the main
cause of uncertainty. Additionally, schedule breakage could occur due to propagated

duration uncertainties that make some actions fall outside their enablement interval.

2.5.2 Robot Navigation

In this domain, a robot is set to deliver mail to addresses in a crowded city.
For this robot, states are delivery points, and actions correspond to the robot’s trav-
ersing a route from one address to another. The robot is capable of traversing the
streets by using an initial map. It collects information about street segments, road
signs, traffic lights, rush hours, and accidents on its way from the post office to the
delivery points. The robot continually evaluates its position from its destinations by
taking into account the new information that it collects. Hence, the robot can poten-
tially change its route to reach the current or a closer destination. The concern of
this example is to show how an agent, a robot in this case, could learn about its envi-

ronment. The assumption is that the robot has the capability to move through street
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segments and react to any change in the environment. No assumptions regarding

how the robot can perform such actions are of concern to the study of this thesis.

2.6 Summary

This chapter presents a brief background on scheduling and introduces some
of the basic concepts that will be used for the rest of this thesis. The chapter shows
scheduling as one area of artificial intelligence that deeply suffers from the problem
of duration uncertainty. Scheduling difficulties give the reader a sense of the diffi-
culty of reducing the effect of duration uncertainty discussed in this thesis. This
chapter also clearly defines the notion of dynamic environment. To introduce the
reader to the theme of this thesis, a brief discussion is given on how scheduling in a
static environment differs from that of a dynamic one. Then, the two sample appli-
cations that are discussed throughout this thesis are introduced. The introduction of
these two examples will further motivate the reader to continue with the remainder

of the thesis until the proposed solutions are reached.



Chapter

Uncertainty
and Learning

3.1 Duration Uncertainty and its Effects

In scheduling a set of tasks, one often cannot determine with certainty how
long each event will take. Events normally occur in a repeated fashion. For example,
Figure 3 shows four executions of an event over a period of time. The duration of the
event varies from execution to execution thus causing what is called duration uncer-
tainty. Duration uncertainty is depicted as a difference in the lengths of each line rep-
resenting a single duration. Duration uncertainty makes it difficult to anticipate how

long the next occurrence of the event will take.

E

Figure 3 Four occurrences of a repeating event.

Duration uncertainty is defined as the set of possible durations of an event
[10]. That is, the total variations in the lengths of each execution of the event give a

measure of the duration uncertainty of that event. For example, in a telescope-

18
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scheduling environment, each observation requires the telescope to be centered on a
star. The time needed to accomplish such a task depends on how accurately the tele-
scope is pointed when it starts the centering search and how clear the sky is. This
centering process makes it impossible to predict exactly how long each observation
will take [4]. Duration uncertainty is undesirable for intelligent agents, because it
leads to the unsuccessful completion of plans and schedules and thus requires exten-
sive repair and revisions. Because there are many causes of duration uncertainty,
scheduling systems that account for duration uncertainties are often not sufficiently
robust. Duration uncertainty is often inherited in some periods or stages of the event.
A stage can be seen as one action that is performed as part of performing the event

[12]. A stage is normally the smallest entity that comprises events.

For example, in telescope scheduling, each observation consists of three stag-
es: first, moving the telescope to a point at (or near) a star; second, searching a lim-
ited section of the sky in order to center the star within the telescope lenses; third, tak-
ing an instrument reading [4]. Although not every stage has an intrinsic duration un-
certainty, the propagation of duration uncertainties from earlier stages in the event
causes the subsequent stages to contribute to the total duration uncertainty of the
event. The propagated duration uncertainty might cause the next scheduled events to
fail in execution. Figure 4 shows how the propagation of duration uncertainty causes
a schedule breakage in a telescope-scheduling system. Note that due to the propagat-

ed duration uncertainty from action 0, action 1 is expected to start anytime between



20
17 and 21 and to finish anytime between 25 and 37. The reason for the schedule

breakage is that the next observation to execute lies outside its enablement interval.

action O enable| | |

action 1 enable [ |

action 2 enable I |

10 (2) 12 (4) 8 (3)
0 E )

|time uncertainty | |—'| |—‘| |

0 9 17 21 25 37

Figure 4 Propagation of temporal uncertainty.

3.2 Event Interaction
Suppose that each morning an intelligent agent performs three tasks: clean the
car (C), read the e-mail (M), and type the daily column to the local newspaper (N).
When each task is considered in isolation from the other two, the result is that the
agent cannot predict how long the next occurrence of each event will take. However,
by using intuition, one could realize that each of these tasks is composed of several
stages. For example, cleaning the car requires preparing the cleaning utensils, walk-

ing to the car, cleaning the car, and then returning the cleaning utensils. On the other
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hand, sending the daily column to the newspaper consists of turning on the computer,
running Microsoft Windows, executing the word processor, typing the column, print-
ing it, and sending it to the newspaper. Each of these stages could be further decom-
posed into finer stages. Hence, by using intuition, one could perform events M and N
together, either before or after event C. Doing so will eliminate some setup stages for
either M or N such as booting the computer and starting Microsoft Windows. This
process is depicted in Figure 5. In this figure, the three events behave in the same
way of unexpected duration for each execution when each event is executed separate-
ly. However, when events M and N are paired, the agent will be able to expect how
long each occurrence of event N will take (this is depicted in the figure by the bars of
almost equal length). The reason is that some of the stages in event N that exhibit du-
ration uncertainty have been eliminated due to the pairing with event M. From this
example, one can notice that one way to minimize or at least reduce duration uncer-
tainties is to group together events that share stages. This reduction is possible be-
cause putting events with shared stages in close temporal proximity means eliminat-
ing the shared stages of the next recurring event. Elimination of these shared stages
will, in turn, eliminate the duration uncertainty associated with these eliminated stag-

€s.
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M

N

Figure 5 Three tasks that an agent performs every morning.

As another example, assume that the mail-delivery robot is delivering mail to
three addresses A, B, and C as shown in Figure 6. Because address A occurs in the
same route that connects address C with the post office (PO), one could realize that
following the routes to address A, then address B, and then address C will not elimi-
nate any of the duration uncertainty associated with each route. However, if the robot
delivers mail to address A followed by address C, then the duration as well as the du-
ration uncertainty for the segment from the post office to address A will be eliminated

from the route to address C.
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Figure 6 Three delivery addresses for the mail delivery robot. Each segment of the
street has an associated duration uncertainty.

Interestingly, eliminating shared stages does not always eliminate duration un-
certainty, , , dbecause the eliminated stages might not be the ones contributing to
duration uncertainty. For example, assume that there are two events with stages A, B,
and F for the first event and C, D, and F for the second. If duration uncertainty is
caused by stage F, then eliminating stage F from one of the events will reduce the to-
tal duration uncertainty from both events. However, if duration uncertainty is caused
totally by stages A and C, then eliminating the shared stage F will have no effect on
reducing the duration uncertainty [10]. Although in Figure 6 intuition is used to de-
termine the events with shared stages, intelligent agents need other means to recog-
nize the events that have shared stages. The next section suggests that knowled ge
from experience could be used to infer events with shared stages through the concept

of relative durations.
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Relative Durations

As stated previously, intelligent agents have no prior knowledge about the re-
lation among events occurring in their world. However, agents can induce this infor-
mation by looking at the relative duration of pairing two events. Let us define the rel-
ative duration of event e with respect to event e’ (rd (e, e’)) as the duration of e when
e immediately follows e’ [10]. Relative duration can be calculated by executing all
the events in a set in every possible linear temporal order. For example, a mail-
delivery robot can use the data it collects over time to determine the relative durations
of the possible street segments to follow from its current segment. Relative duration
measures how an event behaves when that event immediately follows another [10].
When two events that have shared stages are executed in sequence, then, as explained
in the previous section, some of the stages in the next recurring event will be elimi-
nated. This reduction of stages will eventually make the total duration of the second
event as well as its total duration uncertainty shorter than when it follows another

event with which it can not share stages.

However, events’ pairing does not always result in uniform durations for the
next recurring event, because the latter event might still have other stages with dura-
tion uncertainty that cannot be shared with the first event. Hence, one should instead
consider the relative average duration. The relative average duration of an event e
with respect to an event e’ is the average duration of e when immediately followed by

e’, over a set of occurrences of e and e’ [10]. For example, in the robot navigation
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problem, the robot gets its initial knowledge about the city that it operates in by using
a map. Then, with each delivery, the robot updates its knowledge about how long
each route takes and the possible delays encountered. As the number of deliveries in-

creases, the robot becomes more and more confident of what route to follow.

Relative average durations eliminate the fluctuations in relative durations that
are caused by stages with duration uncertainty that cannot be shared with other events.
Another useful piece of information that an intelligent agent can draw from relative
average durations is the standard deviation of the relative average durations. Standard
deviations of relative average durations tell the intelligent agent how stable the two
events are when paired. In other words, the lower the standard deviation, the higher

the probability of having shared stages.

To illustrate these concepts, let us look at four events A, B, C, and D that an
agent performs each day. Figure 7 shows the durations of five occurences of each of
these events. In this figure, durations are in time units and represent the time it takes
the agent to perform each event. The “Total,” ‘“Average,” and “Std” columns repre-
sent the total durations, their average, and their standard duration for each event over
the five days. This figure shows that when the four events occur in the order given,
they require the durations shown in each day. For example, in Day 1 event A is com-
pleted in 3 time units, event B in 7 time units, event C in 3 time units, and event D in
11 time units. Here, we are interested in looking at what happens to the durations of

an event when it follows others. For example, we notice from Figure 7 that the stand-
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ard deviation of event B when it follows event A is small compared to that of the oth-
er events. The same anology applies to event C when it follows event B. These low
standard deviations could indicate that their corresponding events share stages with
their predecessors. However, we cannot make such a conclusion by looking at only

one order of these events.

Dayl Day2 Day3 Day4 Day5 Total Average Std

A 3 5 9 4 2 23 4.6 542
B 2 6 1 4 3 16 3.2 1.72
C 3 2 4 4 2 15 3 0.89
D 11 8 7 1 10 37 7.4 3.50

Figure 7 One possible order of four events that an agent performs daily for five days.

Now, consider two other possible orders in which these four events could oc-
cur. Figure 8 shows two such orders. In the first order we notice again that event B
occurred after event A, and event C occurred after event B. This time, however, we
notice that the standard deviation of event B is 3.07 which is much higher than that of
Figure 7. The different standard deviations mean that events A and B probably do not
share stages. On the other hand, event C still has low standard deviation, which
means a higher probability of sharing stages with event B. However, when event C
followed event B, as in the second order of Figure 8, C did not show a reduction in the

total durations which, again, means that B and C might not share stages.



27

Dayl Day2 Day3 Day4 Day5 Total Average Std

D 8 4 12 9 11 44 8.8 2.79
A 7 10 3 5 9 34 6.8 2.56
B 10 5 11 9 3 38 7.6 3.07
C 6 3 5 2 4 20 4 1.41
A 5 9 1 8 7 30 6 2.83
D 12 4 5 9 6 36 7.2 293
B 10 1 8 11 9 39 7.8 3.54
C 3 12 5 4 10 34 6.8 3.54

Figure 8 Two more possible orders of the events of Figure 7.

The above discussion demonstrates the use of relative average durations and
their standard deviations. To calculate the relative average duration, we average all
occurences of one event when it follows another in all possible temporal orders. For
example, in Figure 7 and Figure 8, event B occurred ten times after event A, and
event C occurred fifteen times after event B. Using this information, the relative av-

16+ 38

erage duration of event B when it follows event A is = 54 time units, and the

) ) . 15+20+34 .
relative average duration of event C when follows event B is 15 =4.6 time

units. The standard deviations for the two cases can be calculated in the same manner

402 4
to yield 1/%—5.42 =332 and 1/%—4.62 =278 , respectively.
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Representing the Knowledge

The knowledge that an intelligent agent collects about events will need to be
organized in a structural way to ease extracting the needed information on time. One
characteristic of the data structure to use is not only to store the knowledge, but also
to make it easy to infer new knowledge from it. One structure that has these proper-

ties will be called the G-graph,,,.,,,,.s»s» a weighted undirected graph. Figure 9

shows the c-graph for the events in Figure 5. Each node in a o-graph represents an
event, and every edge is labeled with the standard deviation of the relative average
duration of the two events that the edge connects. Based on intuition, one could show
that the lower the value on the edge, the higher the probability that the two events

have shared stages.

Figure 9 A o-graph with three events.

A o-graph enables intelligent agents to infer events with shared stages. To il-

lustrate, assume that an agent, besides the three tasks C, M, and N already described,
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is to do two other tasks: clean the kitchen (K) and go to the store (S). An incomplete
o-graph for these five tasks is shown in Figure 10. This graph is incomplete because
each node should be connected with every other node. Again, the lower the values on

an edge, the higher the probability of having shared stages between the two events

C“EE}?
CY

K ) s

that the edge connects.

7

Figure 10 A o-graph for the five events that an agent performs each morning.

Now, the problem of generating an efficient ordering of these events reduces
at this point to the task of finding the shortest path through all the nodes of this graph
[10]. One such method is finding a minimal spanning tree by using an algorithm such
as Kruskal’s algorithm [9]. Applying Kruskal’s algorithm to a 6-graph will result in a
spanning tree with minimal weight. Then, using a threshold for the standard deviation

to identify events with shared stages, one could repeatedly generate a spanning tree,
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cut the longest edge, and apply Kruskal’s algorithm to this new c-graph. The pro-
cess continues until all weights in the edges of the o-graph are higher than the thresh-
old. Figure 11 depicts one step in the process after merging events M and N. This
figure shows events M and N paired because of the low standard deviation of their

relative average duration.

Figure 11 The o-graph of Figure 10 after applying Kruskal’s algorithm and the
concept of threshold to identify events with shared stages.

3.5 Summary

This chapter starts the discussion on duration uncertainty and its effects. It
shows the severity of introducing duration uncertainty in scheduling and planning sys-

tems. Then, the chapter started building a mathematical model for duration uncertain-
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ty and topics related to it. First, the concept of relative duration was introduced.
Then, two more useful concepts were drawn from relative duration: :: relative aver-
age duration and its standard deviation. These two concepts give a formal explanation
of how intelligent agents could detect events with shared stages. After that, the chap-
ter introduced the problem of representing the knowledge that intelligent agents gath-

er over time about their world. The concept of the c-graph was introduced and the

technique of finding an effective events ordering using this c-graph was also given.
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4.1

Chapter 4: Implementation and Results

Implementation
and Results

The Hamiltonian Tour Algorithms

The previous chapter discussed duration uncertainty and showed how unsuc-
cessful plans and schedules are when duration uncertainty is introduced in them. The
chapter also showed that by using the standard deviations of relative average dura-
tions of events, intelligent agents can learn to reduce the effects of duration uncertain-
ty by grouping together events with low standard deviation. Low standard deviations
was interpreted to mean a higher probability of shared stages. This chapter will dis-
cuss an algorithm that will find an effective ordering of events despite duration uncer-
tainty. This algorithm uses the o-graph introduced in the previous chapter. The con-
cern here is to find the shortest path in the graph that will visit all nodes only once af-
ter starting from a given source node. This path is called a Hamiltonian Tour problem
[2], which is a special case of the traveling salesman problem except that there is no
return to the source node. Although the Hamiltonian Tour problem is NP-Complete
[2], there are approximation algorithms that give good results. However, in some cas-

es, especially when the number of nodes in the graph is small, it is best to find an op-

32
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timal shortest path. Examples of the approximation algorithms that will be discussed

next include Kruskal’s, Prim’s, and the Nearest Neighbor algorithms.

4.1.1 An approximation Algorithm to the Hamiltonian Tour Problem

The approximation algorithm discussed here basically selects a source node in
the graph, finds a minimum spanning tree, and then lists the nodes in a preorder tra-
versal [2]. Figure 12 shows a pseudo code of the algorithm. Determining what
source node to start with depends on the current state of the intelligent agent. For ex-
ample, a mail-delivery robot will take the next intersection as the source node and the
remaining delivery addresses as the other nodes in the graph. This algorithm uses a
graph G such as the c-graph of Figure 10. The set of vertices V represents events, and

the cost vector c represents the weights on the edges.

Approx-Tour(G, ¢)

1. select a vertex r € V[G] to be a “root” vertex

2. grow a minimum spanning tree 7 for G from root r using PRIM(G, c,
r)

3. let L be the list of vertices visited in a preorder tree walk of T

4. return the Hamiltonian tour H that visits the vertices in the order L

Figure 12 The algorithm that approximates the Hamiltonian Tour.

There are several algorithms that can find a minimum spanning tree from a
root node, such as Kruskal’s and Prim’s. Both algorithms are greedy in the sense that

they select the edge with the minimal weight from any given node [2]. For the sake of
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this discussion, Prim’s algorithm, shown in Figure 13, is selected to generate the min-
imal spanning tree. In this algorithm, the graph G has a set of vertices V and a set of
edges E. The weights in the edges are stored in an array w, and the root node is des-
ignated as r. A priority queue Q is used to hold all the edges that are not yet in the
spanning tree. An adjacency matrix Adj holds the edges going out of each node. The
key array holds the shortest path from any node to the root. The rarray holds the par-
ent of each node. This information is used to tell the order in which the spanning tree
was traversed. At each step in the while loop, a node with the minimum distance is
extracted from the priority queue and put in the spanning tree if it is not there yet.
The performance of this algorithm, as well as the implementation of EXTRACT-

MIN, depends on how the priority queue is implemented.

Prim(G, w, r)
0 < VIG]

for each u € O do

key[u] < o
key[r] < 0
alr] < NIL
while O # 0 do

u < EXTRACT-MIN(Q)

for each v ¢ Adjlu] do

if ve Q and w(u, v) < key[v] then

0. mv] < u
1 key[v] < w(u, v)

ol I A o

Figure 13 Prim's algorithm to find the minimum spanning tree of a graph G with a
set of vertices V and a set of edges E.
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After finding the minimum spanning tree by using Prim’s algorithm (line 2 of
Figure 12), a preorder tree walk on the resulting spanning tree is performed. In a pre-
order tree walk one recursively visits every node in the tree, listing a node when it is
first encountered, before any of its children are visited. Figure 14 shows the steps be-
ing discussed. In this figure, the given set of points lie on vertices of an integer grid.
The ordinary Euclidean distance is used as the cost function between two points. Fig-
ure 14 (b) shows the minimal spanning tree T of these points, as computed by PRIM.
Vertex a is the root vertex. The vertices happen to be labeled in such a way that they
are added to the main tree by PRIM in alphabetical order. Figure 14 (c) shows a pre-
order walk of the tree T listing a vertex just when it is first encountered, yielding the
ordering a, b, c, h, d, e, f, g. Figure 14 (d) shows a tour of the vertices obtained by
visiting the vertices in the order given by the preorder walk. This tour is the Hamilto-
nian tour H returned by Approx-Tour. Note that with the Hamiltonian tour of Figure
14 (d), the approximation algorithm returns the shortest path with a cost of 19.074
time units. The next section will show that one can do better by finding an optimal

tour.



36

(©) @

Figure 14  The operation of Approx-Tour algorithm.

4.1.2 Finding the Optimal Tour

As already stated, for a graph with a small number of nodes, one can find an
optimal shortest path in polynomial time. Figure 15 shows the pseudo code for such
an algorithm, that , ,,,,dddddddexplores every possible path from the root node. When
this algorithm visits all the nodes, it compares the current path to the shortest path ob-

tained so far. If the current path is shorter, it sets the shortest path to be the current
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path. This algorithm calculates (n-1)! paths from the root node for a graph with n
nodes. Hence, using this algorithm takes a prohibitively long time with a graph of
just few nodes. This restriction makes it difficult for intelligent agents to use such an
algorithm because a quick response is expected from them. Figure 16 shows the op-
timal shortest path for the graph in Figure 14 (a). Here, the cost of this optimal path is

only 14.715 time units.

OptimalTour(G, V, w, u, min)
1 visited[u] < true

2. foreachveVdo

3 if visited[v] # true then

4. sum <— sum + wlu, v]

5. path < path + {v}

6 Optimal-Tour(G, V, w, v, min)
7 visited[v] < true

8 if sum < min then

9 min <— sum

10.  shortest-path < path

Figure 15 Pseudo code for finding the optimal path.
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Figure 16 An optimal tour H for the set of vertices given in Figure 14 (a).

4.2

Implementing the Hamiltonian Tour Algorithm

To test the validity of the methods being developed in this thesis, the algo-
rithms discussed in the previous section were implemented by using Turbo Pascal 7.0.
The intention was to get a feeling of the time and space requirements of these algo-
rithms. While trying to do the implementation, several problems arose such as simu-
lating the actual data. To make the tests realistic enough, a data file was generated to
contain all the permutations of a set of events. For each event, ten random numbers
were generated to simulate the durations of ten executions of each event. Figure 23

(in the appendix) shows the Pascal program that generated the simulated data, and



39
Figure 17 shows an example of the different permutations that could be generated by

the program of Figure 23.

A 12 8 11 11 6 4 12 9 7 8
B 3 2 7 4 5 5 2 4 7
C 2 8 6 6 9 12 1 1 11 1
D 11 6 1 11 9 9 5 1 11 10
D 6 4 8 5 6 1 4 10 8 9
C 5 T 8 8 3 8 7 12 2
A 1 4 10 7 11 3 11 4 2 1
B 5 7 6 3 7 5 4 7 2
C 10 7 6 9 11 5 8 4 12 7
A 3 9 5 10 3 3 9 6 1 11
B 6 3 1 4 5 4 7 2 1 3
D 12 5 4 9 8 2 11 3 5 6

Figure 17 Three sample permutations that could be seen in the generated file of
simulated data.

Once the simulated data were at hand, the problem of converting raw data into
a o-graph was explored. First, the relative duration, relative average duration, and the
standard deviation of each pair of events were calculated. Figure 24 (in the appendix)
shows the Pascal program used to do these calculations. This program generates an
output file, like the one in Figure 18, with the event pairs as edges and the standard
deviation of each pair as the weights on the edges. After calculations were performed,
the o-graph was built by using the list of events as the nodes, the pairing of events as

the edges, and the standard deviation of each pair as the weights on the edges. Figure
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25 (in the appendix) shows the Pascal procedure that loads the calculated data and

builds the o-graph.

AB 2209
BC 2.401
CD 2370
BD 2221
DC 2.291
AC 2272
BE 2232
AD 2276
DB 2222
AE 2275
CE 2310
DE 2.270

Figure 18 A sample output that could be generated by the program in Figure 24.

4.2.1 Implementing an Approximate Hamiltonian Tour Algorithm

To implement an approximate algorithm for the Hamiltonian Tour, the Nearest
Neighbor algorithm was used. This algorithm, like Kruskal’s and Prim’s algorithms,
is a greedy one that selects the edge with the shortest path from the currently visited
node. Figure 26 (in the appendix) shows an implementation of this algorithm. This
implementation works well for a o-graph since it is a complete graph. However, the
Nearest Neighbor algorithm will fail for incomplete graphs unless this algorithm uses
backtracking to account for nodes with no outgoing edges. Figure 19 shows the re-
sults obtained using this algorithm. In this figure, each line shows the cost for the ap-

proximate shortest path when each node in the c-graph is taken as a source node.
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Approximate shortest path from node A: AED GF B C =20.580 time units
Approximate shortest path from node B: BFD G CE A =20.625 time units
Approximate shortest path from node C: CF D G A E B =20.602 time units
Approximate shortest path from node D: D GF B E A C =20.613 time units
Approximate shortest path from node E: ED GF B C A =20.637 time units
Approximate shortest path from node F: FD G CE A B = 20.684 time units

Approximate shortest path from node G: GFD A E C B =20.615 time units

Figure 19 The results obtained using the Nearest Neighbor algorithm.

4.2.2 Implementing the Optimal-Tour Algorithm

For the comparisons of this chapter to make more sense, assume that an im-
plementation of the algorithm that finds the optimal shortest path was written. Figure
27 (in the appendix) shows this implementation. This algorithm was fast enough for
the number of sets tested. Figure 20 shows the results that were obtained using this
algorithm. Comparing these results with those in Figure 19, one would not see a big
difference, although the paths are different in some cases. The reasons for obtaining
almost the same results are that the weights in the o-graph that were used to calculate
the shortest paths are relatively narrow in range, and that the number of nodes in the

graph are also relatively small.
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Optimal path from node A: AED G CF B =20.576 time units
Optimal path from node B: BG CF D A E = 20.570 time units
Optimal path from node C: CFB G A ED = 20.584 time units
Optimal path from node D: D A E C F B G = 20.585 time units
Optimal path from node E: ED A CF B G =20.604 time units
Optimal path from node F: FB G C D A E = 20.585 time units

Optimal path from node G: GF BCD A E = 20.591 time units

Figure 20 Results obtained using the optimal shortest path algorithm implemented in
Figure 27.

Figure 21 shows the results obtained by the two algorithms when weights of a
wider range and a larger number of events were used. As stated before, intelligent
agents that deal with ordering a few events that do not require a real-time response
can use the optimal path algorithm. However, if time is a constraint, such as in tele-
scope scheduling when each moment counts, using an approximation algorithm is
more feasible. Further, in cases where the number of events is prohibitively large, an

approximation algorithm makes more sense.

Case 1 =5 events Case 2 = 8 events Case 3 =10 events

Path Cost Path Cost Path Cost
Near Neighbor from node 1 14532 86.000 17563248 133.000 12103548796 103.000
Optimal path from node 1 14523 75.000 1756324 8 133.000 19631054827 71.000

Near Neighbor from node 2 23541 186.000 24175638 142.000 21103548796 103.000
Optimal path from node 2 21453 109.000 24175638 142.000 21963105487 50.000

Near Neighbor from node 3 35241 183.000 32417568 138.000 31210487965 80.000
Optimal path from node 3 31452 104.000 32856174 106.000 31967105482 53.000
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Case 1 =35 events Case 2 = 8 events Case 3 =10 events

Path Cost Path Cost Path Cost
Near Neighbor from node 4 45321 168.000 41756328 117.000 41210357968 112.000
Optimal path from node 4 45312 131.000 41756328 117.000 43196827105 51.000
Near Neighbor from node 5 53241 186.000 56174823 257.000 51210367948 108.000
Optimal path from node 5 53142 115.000 56174328 135.000 54312109687 49.000
Near Neighbor from node 6 61752483 213.000 61210354879 95.000
Optimal path from node 6 61743285 132.000 63194827105 63.000
Near Neighbor from node 7 75614823 267.000 71210354896 114.000
Optimal path from node 7 74328561 136.000 71963105482 62.000
Near Neighbor from node 8 85617432 132.000 81210354679 97.000
Optimal path from node 8 85632417 119.000 82196710543 55.000
Near Neighbor from node 9 91210354876 136.000
Optimal path from node 9 96312105487 49.000
Near Neighbor from node 10 10127968435 122.000
Optimal path from node 10 10543196827 71.000

Figure 21

4.3

4.3.1

The results obtained using the Nearest Neighbor and the Optimal Path
algorithms for three cases with varying number of events per set.

An Approximation Algorithm for the Robot-
Navigation and the Telescope-Scheduling
Problems

Chapter 2 introduced the telescope scheduling and the robot navigation prob-
lems, and Chapter 3 gave examples of how to minimize the effect of duration uncer-
tainty in these two problems. This section will collect the ideas presented so far to
show an algorithm to solve each of these problems. Each of these algorithms puts in-

to account the dynamic changes of the environment in which the agent runs.

The Robot Navigation Problem

The following are the initial steps that a robot follows before starting the mail-

delivery process. These steps will be carried out only on the first day of the robot’s
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operation. These steps are necessay to let the robot gain an initial knowledge of the

street segments in the city.

. Read and store information found in a streets’ map of the city.

. Calculate the relative average duration and the standard deviation of each
street segment. The length of the segment and the posted speed on that

segment will be used to calculate the expected time to cross that segment.

. Build the o-graph from the relative durations and the standard deviations of

each segment obtained in step 2.

After performing these initial steps, the robot starts the mail delivery process.
The following is the algorithm that the robot follows on its way to each address. The

robot will carry out these steps each time it is assigned to deliver mail.

Use an approximate or optimal algorithm to find the shortest path from the

post office to each delivery address.

The robot starts following the shortest path obtained from the previous

step.

While the robot crosses each segment of the path, it updates the infor-
mation about the length of the current street segment, the time spent so far
on this segment, the average speed, and any street problems encountered
so far. Then, during certain intervals, the robot calculates a new relative

average duration and standard deviation for the current segment, using the
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time spent so far and the old relative average duration and standard devia-
tion. If the new standard deviation starts to outweigh the old one, then the
robot starts finding alternative routes. The robot repeats this process by

taking the next intersection as the starting point.

When at an intersection that is one of the delivery addresses , the robot
deletes it from the list of delivery addresses. Otherwise, the robot adjusts
the duration uncertainty of the current segment which will be the mean of
the previous duration uncertainty and the current one. The current dura-
tion uncertainty could be found as the difference between the old standard
deviation and the calculated one. The relative average duration and the
standard deviation for the current segment will be updated to reflect the

calculated data.

The Telescope-Scheduling Problem

Because the number of possible break points in a telescope schedule can be
large, the scheduler must arrange the observations so as to minimize the number of
breakages. As mentioned earlier, one place that duration uncertainty plays a role in is
when centering the telescope on a star. Here, the star-centering process of the tele-
scope is considered a setup stage for the observation process. The claim is that one
could minimize the duration uncertainty of these setup stages by arranging the obser-
vations so that the time it takes to rotate the telescope from one location to another is

minimal. Assume that each observation action, A;, has two coordinates, x; and y;.
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The following algorithm will try to minimize duration uncertainties by ordering the

actions so that the setup time for each action is minimal.

Sort actions in ascending order of enablement intervals, E;. As already
mentioned, an enablement interval is the interval of time in which an ob-
servation can actually start. This step is important for the scheduler to de-
termine the earliest action with which to start. Add this action to the gen-

erated schedule.

Start with the first action in the list. Call this action As. This action will

have coordinates xs and ys.

If A is the last action, then quit.

Otherwise, calculate the angle necessary to rotate the telescope from the
coordinates of Ay to the coordinates of every other action A;. The assump-
tion here is that the telescope can be rotated both clockwise (positive an-
gle) and counter-clockwise (negative angle). The distance the telescope
travels between these coordinates will be the absolute value of the rotation
angle. Next, find the minimum of all the distances that the telescope must
travel from the coordinates of A to the coordinates of all other actions.
Mark the action A; with the minimum distance as selected. Call this action

A, for next action.
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5. If E, (the enablement interval for A,) falls within F; (the set of finish inter-

vals of action Ajy), then
e Add A to the generated schedule.
e Unmark action A,.

e Set A, to A (the next starting action).

6. Repeat steps 3-5.

The above algorithm will select the best schedule that is robust enough among
all other possible schedules . The telescope system will start executing this schedule.
Because no consideration of weather conditions was put into account when this
schedule was generated, the schedule will still have chances of breaking but at no ex-
pected points. However, if a schedule break should occur, then this algorithm could

be applied to the remaining observations by taking the break point as the start action.

4.4 Summary
In this chapter, the techniques discussed since the beginning of this thesis were
laid out on a solid ground. This chapter focused on the algorithms that find an effec-
tive ordering that minimizes the effect of duration uncertainty. The Nearest Neighbor
and the Hamiltonian Tour algorithms were discussed and a mathematical model for
implementing them was first given. Then, the chapter showed how these two algo-

rithms were implemented by using Turbo Pascal. The problems faced during the im-
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plementation stage as well as the results obtained were also discussed. Finally, the
chapter showed a complete model in the form of proposed procedures to minimize the
effect of duration uncertainty from the two sample applications: robot-navigation and
telescope-scheduling. In these procedures, the concepts introduced throughout this
thesis and the techniques proposed were put together to show the applicability of

these concepts and techniques.



Chapter

5.1

Chapter 5: Conclusion

Conclusion

Discussion

The developing techniques that this thesis discussed will aid intelligent agents to
reduce the effect of duration uncertainty of plans and schedules. This work started by
studying the nature of events, event interactions, how they could exhibit duration uncer-
tainty, and how the property of shared stages could be used to reduce duration uncertain-
ty. Also explored were the techniques of identifying events with shared stages by look-
ing at the relative duration of events when paired together. This information about rela-
tive durations was used to compute other measures such as relative average durations and
their standard deviations. Standard deviations became a vital part in the c-graph that
could be used as a representation of the knowledge that intelligent agents collect about
events. The o-graph is an adequate structure for both retrieving existing knowledge

about events and inferring new knowledge. An algorithm that makes use of the G-graph
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is the Hamiltonian Tour. Intelligent agents could apply the Hamiltonian Tour to identify
effective orderings with minimal duration uncertainty. Two versions of the Hamiltonian
Tour were discussed: one that gives an approximate measure of the shortest path, and an-
other that generates an optimal shortest path. Providing these two versions makes it fea-
sible to select the method appropriate to time and space constraints. These techniques
were implemented by using Turbo Pascal. The thesis gave details on the issues involved
and the problems encountered during the implementation stages. Samples of the test data
and the results obtained from these implementations were also discussed. Finally, all the
concepts and techniques discussed throughout this thesis were put together to implement
procedures that can be used in robot-navigation and telescope-scheduling systems. These
procedures demonstrated how intelligent agents could learn the dynamic changes in their

environments.

Limitations and Extensions

By no means are the techniques proposed in this thesis exhaustive. Researchers in
Al have being involved for years with temporal aspects of scheduling systems. Moreo-
ver, while the techniques presented throughout this thesis acted as bricks in building a
complete understanding of the behavior of intelligent agents, the concern was always on
enhancing these techniques. This section presents some of the limitations of the tech-

niques being developed in this thesis and the possible enhancements to them.
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Sharing stages does not always yield a reduction in duration uncertainty. Consider, for
example, two events E; and E, where E; consists of the stages A, B, and C; and E;
consists of A, E, and F. If the duration uncertainty of E;, is completely caused by
stage F, then the technique proposed in this thesis would fail to recognize that the two
events have shared stages, because E will not demonstrate any reduction of duration
uncertainty when paired with E;. In this case, incorporating mean durations in the o-
graph along with the standard deviation would give better indication of events with
shared stages. However, these attributes would imply a two-dimensional description

space for the events, and shared stages would be based on a vector of attributes [10].

In some situations, a certain ordering of the events might cause the total overall dura-
tion to be extended beyond its time frame. For example, if two events with shared
stages are paired and this pairing causes a stage in one of the events to be extended by
at least one hour, then, although the duration uncertainty might decrease, the overall
duration would be outside the required total duration. The concept of duration thresh-

old could be introduced to reject any ordering that is above the threshold [10].

This study concentrated on studying the effect of pairing two events. Another per-
spective to explore would be to gather statistical information about triples, quadruples,
etc. For example, more reduction in duration uncertainty might result from pairing C

following A—B than by either A—C or A—>B [10].
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The techniques discussed in this thesis concentrate on the temporal relation, immedi-
ately follows, as indication of an effective ordering of events. However, one might
consider other relations such as, for example, eventually follows, follows within a half
hour of. [11]. These types of relations might be closer to the real-world requirements

of scheduling.

There are other questions that come to mind regarding duration uncertainty. These
concerns motivate further research and investigations. For example, selecting an or-
dering with minimal overall duration uncertainty might cause the overall duration of
the events to violate the time-frame requirement. This problem means that any pro-
posed technique should detect when such a problem occurs and to reject such order-
ing. Another concern is whether duration uncertainty always leads to failures in the
completion of plans and schedules or whether there are merits to its existence. For ex-
ample, each action that humans perform always carries some form of duration uncer-
tainty, which means that each event that humans are scheduled to perform should ac-
count for some amount of duration uncertainty. Another point is that when the thesis
discussed pairing events, it did not consider which of the two events follows the other.
Here, the thinking was that the order of the two events is immaterial as long as they
share stages. However, if one ordering is preferred over the other or if the environ-

ment retums to its original state after executing each event, then shared stages have no
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effect on reducing duration uncertainty. These concerns and many more, we hope, are

to motivate further researchers’ investigations.

A Research with New Directions

In dynamically changing environments, temporal knowledge becomes outdated as
well as being partial and incomplete. The approach of Al researchers was the integration
of statistical information about past occurrences of events in order to predict how well a
schedule will stand up against possible problems. The interest here is in systems embed-
ded in a dynamic environment with feedback in the form of rewards [3]. An extension
proposed in [12] deals with representing the knowledge in the dynamically changing
world of intelligent agents. In this model a structure called the duration network gives in-
telligent agents feedback in the form of rewards. Each node in this network identifies a
variable whose value represents the relative average duration of two events when they
occur in consecutive temporal order. The edges between nodes are labeled by the reward
of pairing the two events that the edge connects. These rewards represent the advantage
of pairing the two events by virtue of sharing stages. Rewards are always < 0 and con-
stantly changing to reflect the change in the world. Figure 22 shows an example of a du-
ration network. Here, the order V| < V; < V3 (V; immediately before V, immediately be-
fore V3) would yield a reward of 2+0=2 time units. This reward will result in an overall

duration of 4-2+6+0+5=13 time units to perform this sequence. On the other hand, the
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sequence Vi < V3 < V, would yield a reward of 1+0=1 and a total duration of 4-

1+5+0+6=14 time units.

Figure 22 A duration network with four variables.

Intelligent agents could use the information in the duration network to select the
tour with the shortest duration. After selecting such a tour, the agent updates the dura-
tion network to reflect the change in the mean relative durations. With this model, the
agent uses experience to build its knowledge about the world. With the sequence of in-
stantiations of values to the variables in a duration network, the agent becomes more and
more confident of what tour of the network to follow as the number of instantiations in-

creases. This growing knowledge will increase the agent’s odds of selecting the tour with
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the least amount of delay. With this model, the agent has the ability to change its goal by
incorporating the appropriate method to respond to and update its world. Some of the
goals that an intelligent agent might select include minimizing the overall extent of
events, minimizing the overall duration uncertainty, minimizing the standard deviation of
relative average durations which means selecting the tour which is least likely to encoun-
ter delays, and completing as many events as possible given rigorous time constraints.
To summarize, this model says that although the world changes, it does so in ways that

are often predictable, and intelligent agents can make use of this fact.
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Appendix

Appendix

Permutations Generator

{

This program creates all possible permutations of N values. The program first prompts the user for
the value of N and the name of the output file. It then calls procedure VISIT to generates the permuta-
tions. For each permutation, it generate ten random numbers. These numbers are needed for use with
other programs to simulate ten durations of events.

}

PROGRAM PermutationsGenerator;

CONST
SET_ELEMENTS = 10; " The number of elements to generate
for each event }
MAX_SETS = 100; " The size of the VAL array used for
generating the permutations }
VAR
val : ARRAY [0.MAX_SETS] OF INTEGER; " The array used while generating the
permutations }
N, "The number of numbers to permute }
id : INTEGER;
outfile : TEXT; "The handle of the output file }
fname : STRING; "The name of the output file }
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Permutations Generator

{

Visit: This procedure recursively calls itself to generate permutations for K values. For each permuta-
tion generated, the procedure generates ten random numbers for use with other programs.

}
PROCEDURE visit(k : INTEGER);

VAR
t,1,j : INTEGER;

BEGIN
INC(d);
val[k] :=id;
IF id =N THEN
BEGIN
FORi:=1TONDO
BEGIN
WRITE(outfile, chr(val[i]+64));
FORj:=1TO SET_ELEMENTS DO
WRITE((outfile, (RANDOM(12)+1):3);
WRITELN(outfile);
END;
WRITELN(outfile);
END;
FORt:=1TON DO
IF val[t] = 0 THEN
visit(t);
DEC(d);
val[k] :=0;
END;

VAR
i: INTEGER;

BEGIN
RANDOMIZE;
id:=-1;
WRITELN;

WRITE('Value for N : ');
READLN(N);
WRITE('Output file : ');
READLN(fname);

"Generate the ten random numbers }

"Initialize the randomization seed }

" Prompt for the number of values to
permute }

" Prompt for the output file }
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Permutations Generator

ASSIGN(outfile, fname);
REWRITE(outfile);
FORi:=0TONDO " Initialize the permutations array }
val[i] :=0;
visit(0); "Generate the permutations }
CLOSE(outfile); "Close the output file }
END.

Figure 23 Pascal program to generate all permutations for a set of events.
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Calculate

{

This program reads the permutation file PERM.OUT generated using PermutationsGenerator program
in Figure 23. Then, it calculates the relative average durations and the standard deviations of each pair
of events in the event file. The output will be saved to the output file CALC.OUT.

}

PROGRAM Calculate;
CONST
NUM_SETS =7;

MAX_PER_SET = 10;

VAR
list : ARRAY [1..NUM_SETS] OF RECORD

name : CHAR;

count : BYTE;

val : ARRAY [1.MAX PER_SET] OF BYTE;
END;

avg : ARRAY [1..1000] OF RECORD

first, last : CHAR;
total,

total2 : LONGINT;
count : INTEGER;

mean,

" The number of events that were per-

muted }

" The number of durations for each

event }

" Array to hold information about the

NUM_SETS events per set. For each
event, it saves the name of the event,
the number of durations generated
for this event, and the actual values
of these durations }

"The name of the event }
"The number of durations }
"Array to hold the values for the actual

durations }

"This array holds the calculated values

for all the permutations in the permu-
tations file. For each entry, it saves
the name of the two pairs of events,
the total extent of all durations, the
relative average durations, and the
standard deviations of the relative
average durations }

"The names of the pair of events }
"The total of all durations }
" The square of the total of all dura-

tions }

" The number of occurrences of this

pair in the permutations file }

" The relative average durations of all

durations of this pair }
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std : REAL; " The standard deviation of the relative
average durations }
END;

i, ], k, count, num : INTEGER;
f: TEXT;
found : BOOLEAN;

BEGIN
ASSIGN({, 'perm.out');
RESET(f);

count :=1;
WHILE NOT EOF (f) DO
BEGIN

FOR1i:=1TO NUM_SETS DO

BEGIN
READ(f, list[i].name);
list[i].count := 0;
WHILE (list[i].count < MAX_PER_SET) AND
NOT EOLN(f) DO
BEGIN
INC(list[i].count);
READ(, list[i].val[j]);
END;
READLN(f);
END;
READLN(f);

j=1

REPEAT
IF j+1 <= NUM_SETS THEN
BEGIN
found := FALSE;
FORk :=1 TO count-1 DO
IF ((avg[k].first = list[j].name) AND

(avg[k].last = list[j+1].name)) OR
((avg[k] first = list[j+1].name) AND
(avg[k].last = list[j].name)) THEN
BEGIN

"Open the permutations file }

" Read one set of events from the per-

mutations file }

"Read the event name }

"Read the durations of this event }

"Do the required calculations on the

set of events just read }

" Check if this pair has been found in

the permutations file before }

"If yes, then don't add this pair to the

list of pairs }
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found := TRUE;
num :=k;
BREAK;
END;
IF NOT found THEN

BEGIN
avg[count].first := list[j].name;
avg[count].last :=list[j+1].name;
avg[count].total :=0;
avg[count].total2 :=0;
avg[count].count :=0;
num := count;
INC(count);

END;

FORk :=1 TO list[j+1].count DO

BEGIN
INC(avg[num].total, list[j+1].val[k]);
INC(avg[num].total2, sqr(list[j+1].val[k]));
INC(avg[num].count);
END;
END;
INC(j);
UNTIL j = NUM_SETS;
END;
CLOSKE(f);

FORi:=1TO count-1 DO
BEGIN
avg[i].mean := avg[i].total / avg[i].count;

avgl[i].std := sqrt(avg[i].total2/avg[i].count -
sqr(avg[i].mean));
END;

ASSIGN(f, 'calc.out');
REWRITE(f);

FORi:=1 TO count-1 DO
WRITELN({, avg[i] first, ' ', avg[i].last, avg[i].std:9:3);

" Otherwise, create a new entry for this
pair }

" Update the total, the square of the
total, and the number of durations }

"Now, calculate the relative average
durations and the standard deviation
of all pairs of events using the calcu-
lated data stored in the AVG array }

" Calculate the relative average dura-
tion }
"Calculate the standard deviation }

"Save the calculated results in the
CALC.OUT output file }
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CLOSE(f);
END.

Figure 24 Pascal program to read the raw data of the permutations file generated by the
program of Figure 23 and calculate the relative duration, the relative average
duration, and the standard deviation of each pair of events.
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LoadGraph

{

This procedure loads the data file found in CALC.OUT that was generated by the
CALC.PAS program in Figure 24. Each line of this file contains an edge referenced by
the pair of nodes that it connects, and the standard deviation of the relative average dura-
tions of the pair of events. The standard deviation will be used as the weight on the edges
for the graph that this procedure creates. The procedure first builds the graph and then
extracts an adjacency matrix. This matrix is used in following the shortest path from each

node to every other node.

}
PROCEDURE LoadGraph;

VAR
f: TEXT;
num_nodes,
num_edges,
i,j : INTEGER;
c: CHAR;
node : ARRAY [1.MAX_EDGES] OF

RECORD
first, last : CHAR;
END;
list : ARRAY [1.MAX_EDGES] OF REAL;

found : BOOLEAN;
BEGIN

ASSIGN(f, 'calc.out');

RESET(D);

num_edges :=0;

num_nodes := 0;
WHILE NOT EOF(f) DO
BEGIN

INC(num_edges);

READLN(f, node[num_edges].first, c,

node[num_edges].last, list[num_edges]);

{ Number of nodes in the graph }
{ Number of edges in the graph }

{ Array to hold information about all
the edges in the graph }

{ This array holds the weights on all
the edges of the graph }

{ Open the input file }

{ Initialize the number of nodes and
the number of edges in the graph to 0

}

{ Increment the number of edges in
the graph }
{ Read a line from the input file }

Check if the node that this edge
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found := FALSE;
FORj :=1 TO num_nodes DO
IF nodes[j] = node[num_edges].first THEN
BEGIN
found := TRUE;
BREAK;
END;
IF NOT found THEN

BEGIN
INC(num_nodes);

nodes[num_nodes] := node[num_edges].first;

END;

found := FALSE;
FORj :=1 TO num_nodes DO
IF nodes[j] = node[num_edges].last THEN
BEGIN
found := TRUE;
BREAK;
END;
IF NOT found THEN

BEGIN
INC(num_nodes);
nodes[num_nodes] := node[num_edges].last;
END;
END;
CLOSKE(f);
g.num_vertices := num_nodes;
FORi:=1 TO num_nodes DO
g.v[i] :=1;
g.num_edges := num_edges;

FOR i :=1 TO num_edges DO

BEGIN

emerges from already exists }

{ Node exists }

{ Source node does not exist, so cre-
ateit }

{ Check if the node that this edge
goes to already exists }

{ Node exists }

{ Destination node does not exist, so
create it }

{ Set the number of vertices in the
graph }

{ Number the nodes of the graph se-
quentially }

{ Set the number of edges in the
graph }

{ Update the source nodes of all edg-
es in the graph }
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FORj :=1 TO num_nodes DO
IF nodes[j] = node[i].first THEN
BEGIN

g.e[i].source :=j;
BREAK;
END;

FORj :=1 TO num_nodes DO { Update the destination nodes of all
edges in the graph }

IF nodes[j] = node[i].last THEN

BEGIN
g.e[i].dest :=j;
BREAK;

END;

END;

FOR i := 1 TO num_nodes DO { Create the Adjacency matrix }
BEGIN
Adj[i].size :=0;
FORj :=1 TO num_edges DO
IF g.e[j].source =1 THEN
BEGIN
INC(Adj[i].size);
Adj[i].elements[ Adj[i].size] := g.e[j].dest;
END;
END;

FOR i :=1 TO num_edges DO { Update the weights of the edges of
the graph }
wl[g.e[i].source, g.e[i].dest] := list[i];
END;

Figure 25 Pascal procedure that loads the file of calculated data generated by the
program of Figure 24.
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NearestNeighbor

{

This procedure finds an approximate shortest path of a complete graph from a source

node. The procedure uses the o-graph built by procedure LoadGraph in Figure 25.

The procedure starts from the source node and then follows all other nodes taking the

edge with the minimum weight from each node as the next node to visit.

}

CONST
MAX_ELEMENTS = 100;
MAX_VERTICES = 10; "Max number of nodes in the graph }
MAX_EDGES = 100; "Max number of edges in the graph }
MAX MATRIX _ELEMENTS = 10; "Size of the adjacency matrix }

TYPE

integers_list = ARRAY [1.MAX_ELEMENTS] OF
INTEGER;

elements_list = ARRAY [1.MAX_ELEMENTS] OF REAL;

queue_type = RECORD
size : INTEGER;
elements : integers_list;
END;

weights_matrix = ARRAY [1.MAX_MATRIX_ELEMENTS,
1.MAX_MATRIX_ELEMENTS] OF

REAL;
edge_type = RECORD "Each edge is designated by the source
and destination nodes }
source,
dest : INTEGER;
END;
edges_list = ARRAY [1.MAX_EDGES] OF edge_type; "A list to hold the edge of the graph }
graph_type = RECORD "A description of a graph structure }

num_vertices, num_edges : INTEGER;
v : integers_list;
e : edges_list;

END;

adjacency_list = ARRAY [1..MAX_VERTICES] OF "Structure for the adjacency matrix }
queue_type;

visited_array = ARRAY [1.MAX_VERTICES] OF
BOOLEAN;
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VAR
nodes : ARRAY [1.MAX_VERTICES] OF CHAR;
visited : visited_array;
num_vertices : INTEGER;
d : elements_list;
next : integers_list;
g : graph_type;
w : weights_matrix;
Adj : adjacency_list;

PROCEDURE NearestNeighbor(G : graph_type;
w : weights_matrix;
s: INTEGER);

VAR
1, this, closest_vertex : INTEGER;
minimal_weight : REAL;
no_more : BOOLEAN;

BEGIN
FOR i :=1 TO g.num_vertices DO
visited[i] := FALSE;
visited[s] := TRUE;

this :=s;

REPEAT
minimal_weight := MAXINT;

no_more := TRUE;
FOR i :=1 TO g.num_vertices DO
IF NOT visited[i] AND (w[this,i] < minimal_weight)
THEN
BEGIN
closest_vertex :=1;
minimal_weight := w[this,i];
no_more := FALSE;
END;
IF NOT no_more THEN

BEGIN
visited[closest_vertex] := TRUE;

next[this] := closest_vertex;

"A list of nodes in the array }

"The complete graph }
"The weights on all the edges }
"The source node }

"All nodes have not yet been visited }

" Start with the source node }

" Find an outgoing edge with the mini-

mum weight }

"This edge is the shortest so far }

"If there are still other nodes not visit-

ed }

"Set the node at the end of the closest

edge to be visited }

" Set the next node in the path from the
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current node }

d[this] := w[this, closest_vertex]; "Update the weights array }
this := closest_vertex; " Visit the next node }
END;
UNTIL no_more;
next[this] := 0; "This is the last node in the path }
END;

Figure 26 Pascal procedure that implements the Nearest Neighbor algorithm.
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OptimalPath

{

- This procedure recursively calls itself to find the optimal shortest path from a source
node that visits all other nodes in a complete graph only once. The procedure visits eve-
ry possible path from the source node. For each path, it compares the cost (the total
weights on all edges) of the path. When it finds a path that is shorter than the shortest
path found so far, it thent replaces the shortest path with the path being found.

}

CONST
MAX_ELEMENTS = 100;
MAX_VERTICES = 10; "Max number of nodes in the graph }
MAX_EDGES = 100; "Max number of edges in the graph }
MAX MATRIX _ELEMENTS = 10; "Size of the adjacency matrix }
TYPE
integers_list = ARRAY [1.MAX_ELEMENTS] OF
INTEGER;

elements_list = ARRAY [1.MAX_ELEMENTS] OF REAL;

queue_type = RECORD
size : INTEGER;
elements : integers_list;
END;

weights_matrix = ARRAY [1.MAX_MATRIX_ELEMENTS,
1.MAX_MATRIX_ELEMENTS] OF

REAL;
edge_type = RECORD "Each edge is designated by the
source and destination nodes }
source,
dest : INTEGER;
END;
edges_list = ARRAY [1.MAX_EDGES] OF edge_type; "A list to hold the edge of the graph }
graph_type = RECORD "A description of a graph structure }

num_vertices, num_edges : INTEGER;
v : integers_list;
e : edges_list;

END;

adjacency_list = ARRAY [1..MAX_VERTICES] OF "Structure for the adjacency matrix }
queue_type;

visited_array = ARRAY [1.MAX_ VERTICES] OF
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BOOLEAN;

VAR
nodes : ARRAY [1.MAX_VERTICES] OF CHAR;
visited : visited_array;
num_vertices : INTEGER;
g : graph_type;
w : weights_matrix;
Adj : adjacency_list;

PROCEDURE OptimalPath(path : integers_list;

num : INTEGER;
sum : REAL;
visited : visited_array;

i: INTEGER;
VAR minimum : REAL;

VAR shortest_path : integers_list);

VAR
j : INTEGER;
temp : REAL;

BEGIN
visited[i] := TRUE;

FORj:=1 TO g.num_vertices DO

IF NOT visited[j] THEN
BEGIN
sum := sum + w[path[numl], j];
temp := w[path[num], j];
INC(num);
path[num] :=j;
OptimalPath(path, num, sum, visited, j, minimum,
shortest_path);
visited[j] := FALSE;

DEC(num);
sum := sum - temp;
END;

"A list of nodes in the array }

"A list of nodes holding the nodes that

have been seen so far }

"Index for the array PATH }
"The accumulated weight }
"An array to tell the nodes that have

being visited so far }

"The current node }
" The minimum weight obtained so far

/

"An array that holds the nodes for the

shortest path obtained so far}

" Set the current node to being visited

}

" Visit all other nodes from the current

node }

"Accumulate the weight }

"Add this node to the current path }
"Call OptimalPath taking the current

visited node as the source node }

"Reset the status of the current node

so to be included in other paths }
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IF num = g.num_vertices THEN
BEGIN
IF sum < minimum THEN

BEGIN
minimum := sum,;
shortest_path := path;
END;
END;
END;

"Have we visited all nodes? }

"If the current path is shorter, then
update the shortest path }

Figure 27 An implementation of the optimal shortest path algorithm.
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