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ABSTRACT

Scheduling complex problem solving tasks, where tasks are interrelated and there are multiple different ways
to go about achieving a particular task, is an imprecise science and the justification for this lies soundly in the
combinatorics of the scheduling problem. Intractable problems require approzimate solutions. We have developed a
new domain-independent approach to task scheduling called Design-to-Criteria that controls the combinatorics via
a satisficing methodology and custom designs schedules to meet a particular client’s goal criteria. In Design-to-
Criterta, criteria directed focusing, approzimation, and heuristics, in conjunction with soft goal criteria are used
to make the scheduling problem tractable. We describe the interesting facets of the Design-to-Criteria approach
and give ezamples of its power at reducing the complezity of the scheduling task while designing custom satisficing
schedules.
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1. Introduction

With the advent of open computing environments adaptability in software applications is critical.
Since open environments are less predictable, applications must be able to adapt their processing to
the available resources and the different goal criteria set by different clients. These requirements have
given rise to the subdiscipline of flexible computation [13, 2] that researches methodologies, algorithms,
and techniques for designing adaptive applications. An interesting and difficult scheduling problem
arises in adaptive systems when there are multiple different ways to achieve tasks and the tasks are
interdependent, i.e., the result of one subtask affects the performance, characteristics, or outcome of
another subtask in quantifiable ways. The combinatorics possible from even simple interrelated tasks of
this type are significant and the problem of scheduling a sequence of actions, given complex goal criteria
and limited time, is intractable. Approximate scheduling methods are required.

We have developed a new domain independent flexible computation approach to task scheduling called
Design-to-Criteria. The most distinguishing features of Design-to-Criteria are the ability to reason about
the utility attribute trade-offs of different solutions based on different goal criteria, the ability to use
these utility attribute trade-offs to focus every step of the scheduling process, and the ability to do
these activities from a satisficing perspective. Satisficing with respect to the scheduling process itself
enables the scheduler to produce results when computational combinatorics prevent an optimal solution.
Satisficing with respect to meeting the goal criteria enables the scheduler to produce a result that adheres
to the spirit of the goal when the criteria cannot be satisfied perfectly due to environmental and resource
constraints.

We have framed this task scheduling problem in terms of a domain-independent representation frame-
work called TEMS (Task Analysis, Environment Modeling, and Simulation) [4, 5] that models a wide
range of computational task structures. Our research focuses on a class of computational task struc-
tures where there are typically multiple different actions for performing a particular task, each action
has different statistical performance characteristics, and uncertainty about the outcomes of actions is
ubiquitous. For example, in the signal processing domain [15] there are multiple different techniques
that can be used to process and identify signals; an approximate signal processing algorithm such as
QSTFT (quantized short-time Fourier transform) [17] is inexpensive to compute but likely to produce
interpretations that have significant uncertainty and there is a high probability that the interpretations
will altogether miss certain types of signal sources. In contrast, a STFT (short-time Fourier transform)
[18] is expensive to compute, but has very good quality and it is highly likely that all signal sources will
be represented to some degree in the interpretation. This example is deliberately simple to illustrate a
point — consider a case where there are many different actions for achieving a particular task and any
combination of the actions can be employed and possibly in any order. Now consider a hierarchy of such
tasks where the tasks themselves are interrelated and constrained by deadlines and resource limits. The
TAMS framework models such problem solving processes. In TAEMS primitive actions, called methods,
are modeled statistically via discrete probability distributions in three dimensions, quality, cost, and
duration. Probability distributions are also associated with task interactions, called NLEs (non-local-
effects), e.g., precedence constraints or advantageous soft relationships, and the effects of the interactions
are reasoned about statistically.

A highly simplified conceptual example of a TAEMS task structure for gathering auto purchase informa-
tion via the Web is shown in Figure 1.! The oval nodes are tasks and the square nodes are methods. The
top-level task is to Gather-Purchase-Data-on-Nissan-Maxima and it has two subtasks Gather-Reviews
and Find-Invoice-Price-Data. The top-level task accumulates quality according to the sum_all() quality
accumulation function (qaf)? so both of its subtasks must be performed to satisfy the objective. The
Gather-Reviews task has two methods, query Edmund’s-Reviews and query Heraud’s-Test-Drives. These

IThe task structures typically emitted by the information gathering planner are too complex, and contain too many
bottom-up processing directives, for example purposes.

2Qafs define how a given task is achieved through its subtasks or methods. The sum_all() qaf means that all of the
subtasks must be performed and that the task’s quality is a sum of the qualities achieved by its subtasks.
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methods are governed by a sum() qaf thus the power-set of the methods minus the empty set may be
performed to achieve the tasks, i.e., Edmund’s may be queried, Heraud’s may be queried, or both may
be queried. The Find-Invoice-Price-Data task has three subtasks, two of type method and one of type
task, governed by the max() qaf which is analogous to an OR relationship. Note the decomposition of
the obtain invoice via AutoSite task into two methods, one that locates the URL and one that issues the
query. The enables NLE between the URL finding method and the query method, in conjunction with
the low quality associated with the URL finding method, indicate that finding the URL is necessary for
task achievement but that it contributes very little to achieving the task relative to the method that
actually obtains the pricing report. We discuss TAMS in more detail in Section 2 and return to this
example in Section 3.
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Figure 1. TEMS Task Structure for Gathering Auto Purchase Information

Scheduling problem solving activities modeled in the TAEMS language has three major requirements:
1) to find a sequence of actions to achieve the high-level task, 2.) to find the sequence of actions in soft
real-time, 3) to find the sequence to meet the dynamic goal criteria, i.e., different cost, quality, duration,
and certainty requirements, of different clients. TZAEMS models multiple approaches for achieving tasks
along with the quality, cost, and duration characteristics of the primitive actions, specifically to enable
TAEMS clients to reason about the trade-offs of different courses of action. In other words, for a given
TAEMS task model, there are multiple approaches for achieving the high-level task and each approach has
different quality, cost, duration, and certainty characteristics. In contrast to classic scheduling problems,
the scheduling objective is not to find some way to accomplish the task, but to find the approach that
best suits a particular client’s quality, cost, duration, and certainty needs. Consider the task of gathering
information via the highly uncertain WWW to support a decision about the purchase of a statistical
analysis software package. Certain clients may prefer a risky information gathering plan that has a
potentially high pay-off in terms of information gathered, but also has a high probability of failure.
Other, more risk averse clients might prefer a course of action that results in a lower pay-off in exchange
for more certainty about the pay-off and a lower probability of failure. The fundamental premise of our
work is that the goodness of a particular solution is entirely dependent on a particular client’s complex
objectives and that different client’s have varying objectives. Thus the scheduling process must not only
consider the attribute trade-offs of different solutions, but must also do so dynamically. Furthermore,
the scheduling process must be efficient as the application domain involves agents acting in the world in
real-time. Because of the inherent uncertainty in the domain, where actions may fail or have unexpected
results, scheduling activities are typically interleaved with planning and execution. Thus scheduler
inefficiencies are multiplied many times during a problem solving instance.

We will go into greater detail in Section 3, but the w(2") and o(n™) combinatorics of our scheduling
problem precludes using exhaustive search techniques for finding optimal schedules. Furthermore, the
deadline and resource constraints on tasks, plus the existence of complex task interrelationships, prevent
the use of focused optimal search algorithms like A*. Design-to-Criteria copes with these explosive
combinatorics by satisficing with respect to the goal criteria and with respect to searching the solution
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space. This satisficing dualism translates into four different techniques that Design-to-Criteria uses to
reduce the search space and make the scheduling problem tractable:

Crit ri ir ct d ocu in The client’s goal criteria is not simply used to select the best schedule
for execution, but is also leveraged to focus all processing activities on producing solutions and
partial solutions that are most likely to meet the trade-offs and limits thresholds defined by the
criteria. This is achieved by creating and identifying partial solutions that seem likely to meet
the criteria and concentrating further development on these classes of partial solutions, pruning or
ignoring other partial solutions that are deemed least probable to lead to good solutions.

A ro i tion Schedule approximations, called alternatives, are used to provide an inexpensive, but
coarse, overview of the schedule solution space. Alternatives contain a set of unordered actions that
can be scheduled (ordered) to achieve a particular task along with estimates for the quality, cost,
and duration distributions that may result from scheduling the actions. Alternatives are inexpensive
to compute as the complex task interactions are only partially considered and ordering, resource,
and other constraints are ignored. The alternative abstraction space is used in conjunction with
the criteria directed focusing to build schedules from alternatives that are most likely to lead to
good schedules.

uri tic ci ion in  We have focused on the high order complexity of our scheduling problem
as a whole, but the action ordering scheduling problem suffers from similar combinatorics. iven a
set of n actions to perform, there are n orderings that must be considered and the (n ) expense
is non-trivial.

We cope with this complexity using a group of heuristics for action ordering. The heuristics take
into consideration task interactions, attempting to take advantage of positive interactions while
avoiding negative interactions. They also consider resource limits, individual action deadlines,
task deadlines, commitments made with other problem solving agents, and other constraints. The
heuristic algorithm reduces the (n ) action ordering problem to low-order polynomial levels in
the worst case.

uri tic rror Corr ction The use of approximation and heuristic decision making has a price — it
is possible to create schedules that do not achieve the high-level task, or, achieve the high-level task
but do not live up to quality, cost, duration, or certainty expectations set by the estimates contained
in the alternatives. This can be caused by an overconstrained problem, but also by complex task
interactions that are glossed over by the alternative approximation and not considered by the action
ordering heuristics. A secondary set of improvement [2 ] heuristics act as a safety net to catch
the errors that are correctable. Again, this problem is potentially computationally expensive as
the required fix may be achievable by any combination of the actions in the task structure and
it is impossible to ascertain if a hypothetical fix will generate the desired result until it is fully
scheduled. Thus this aspect of the scheduling algorithm is also heuristic and relies on abstraction
and criteria directed focusing to reduce the complexity.

Design-to-Criteria thus copes with computational complexity by using the client goal criteria to focus
processing, reasoning with schedule approximations rather than complete schedules, and using a heuris-
tic, rather than exhaustive, scheduling approach. A high-level view of the Design-to-Criteria algorithm
is shown in Figure 2. This methodology is effective because several aspects of the scheduling problem
are soft and amenable to a satisficing approach. For example, the client goal specification mechanism,
discussed in detail in Section 3.1, expresses soft client objectives or soft constraints. Solutions do not
need to meet absolute requirements because clients cannot know a priori what types of solutions are
possible for a given task structure due to the combinatorics. ard constraints do exist in TEMS , but
they originate from commitments entered into with other problem solvers and from the tasks themselves.
Similarly, soft task interactions also represent soft constraints that can be relaxed, i.e., they can be lever-
aged or not depending on the situation. Finally, though the TAEMS scheduling problem is more complex
than many traditional scheduling problems because of its representation of multiple approaches for task



achievement, it is also more flexible. If we view the scheduling activity as a search process, typically
there is a neighborhood of solutions that will meet the client’s goal criteria and the lack of exhaustive
search, i.e., search by focused processing and approximation, does not necessitate scheduling failure. We
provide empirical examples of this characteristic of our scheduling problem in Section 4.

Figure . igh ee ontro o ie of esignto riteria
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