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in this area (Feldman, et a1, 1972; McDermott and Sussman, 1972; Bobrow and 

Wegbreit, , 1973). 

The real payoff from multiprogramming would seem to appear when the process 

structure is derived from the need to explore various alternative solution 

possibilities. This is the approach used in PEGASUS, GUS (Bobrow, et aL 1977), 

Hearsay II (Lesser, et aL 1975), and SNIFFER (Fikes and Hendrix, 1977). But a 

conventional process approach may bundle up too much of its state in a control 

stack, and make it all but impossible to pass into that context various global 

changes that must affect the processing. 

A tool to attack this problem can be found in the class/instance model derived 

from SIMULA and Smalltalk (Goldberg and Kay, 1976), and evidenced in a crude 

form in PEGASUS. The idea is to fix on the "instance data," the data structure 

that must be owned by a particular process. Other data is not of such vital 

concern: the class itself is �u�s�u�a�l�~�y� defined as a collection of procedures; 

individual activations of an instance indeed require a control and binding context 

for local variables, but it is fleeting and can be destroyed aft.er, each operation 

on the instance is complete. Thus the crucial item is the instance data 

structure, which can be viewed during instance processing as a collection of 

bindings. PEGASUS uses this idea in a primitive form, without proper 

supporting language primitives. This style will be more ably supported in Plits 

(Feldman, 1976). 

To proper access to processes must be added proper control and allocation of 

resources. Generally, the few uses of process structures in AI have scheduled 

processes with the objective of achieving desirable performance from the problem­

solver. Ad hoc priority schemes that have little or no relation to the problem 

domain are used to drive the scheduler. At most, the costs of planning are 

loosely incorporated into the developer's notion of desirable performance.' 

Generally, the uses of numerical models in problem-solving have atrophied as the 

flexibility of symbolic techniques has increased. 

Numerical guides to problem-solving. Numerical guides to problem-solving are as 

old as AI itself; indeed AI was born of a split with the numerically-oriented 

worlds of optimization and "signal processors." The uses of numerical measures in 

AI can usefully be divided into two classes: 
...... 
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Objectivity., The objective of the problem-solver is stated in part 

numerically, and depends on a numerical model of the domain. Examples 

are:' to solve a puzzle in the minimum number of moves or' to plan an 

optimum travel itinerary, based on a model of the traveler's utility. 

• Selectivity. A numerical method of some form is used to steer problem­

solving in a direction where solutions are thought to lie. Numerical 

controls are attractive for several reasons: 

• The numerical function provides a convenient way to aggregate 

different sorts of heuristic information, to "weight" information, etc. 

• The tractability of simple mathematical functions (e.g., polynomials) 

often suggests techniques. For example, differentiation might be used 

in a hill-climbing procedure. 1 

• Finally, of course, search techniques are available that use numerical 

information fully.' A numerical score allows the "best" node of a 

search tree to be expanded, or the "best" problem-solving pro~ess to 

be executed. 

Numerical objective functions are not in wide use in problem-solving, although 

they are attractive in signal-rich applications (e.g., speech and vision). Indeed, 

one of the aims of this work is to argue that some problem-solving objectives 

are best stated numerically, and that use of numerical objectives should be 

encouraged. As we have seen, even if "heuristic" problem-solving techniques are 

used, a numerical objective function helps determine whether an acceptable 

solution has been found, or whether additional processing is warranted. 

By contrast, numerical fun,ctions to provide selectivity have been, and continue 

to be, widely used in AI (various books provide ample surveys: Nilsson, 1971; 

Newell and Simon, 1971; Slagle, 1971). A selectivity function is used to imprint 

a topography onto the solution space that is believed (by the designer of the 

function) to elevate solution locations so that. they may be found by an 

1Unfortu~ateiY,-:-the'i-e--is a converse to this advantage. The reverse problem is 
enticing: what results will a particular neat mathematical function have on a 
problem-solver? Samuel, for instance, tried briefly an evaluation function for 
playing checkers that involved the first and higher moments of the white and 
black pieces about various axes on the board. The results were predictably 
disappointing: the abstractions of mechanics and of c;heckers arc not likely to 
have much overlap (Samuel, 1967). 
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altitude-sensitive search. But such a design may emphasize selectivity rather 
\ . 

than precision, and may render a numerically-controlled search incomplete: an 

erroneously low. upper bound on the value of a partial path can irremediably 

prevent further exploration of that path. Consequently, the designer worries 

about the magnitude of the error (Pohl, 1973). A common hedge against error 

in a game-playing evaluation function is to search ahead several moves, and then 

"back up" the scores: the (static) score of a particular next move is thereby 

buttressed by a small amount of searching (Slagle, 1971, presents many 

variations on this theme). Distressingly little work has been done to determine 

experimentally the precision of a heuristic or' evaluation function, although this 

is feasible only when a large number of points in the space can be examined 

and evaluated. There are exceptioD;s: Paxton (1977) has explored the performance 

of various speech-processing techniques over a sample of 11 input utterances. 

Samuel (1967) used a learning scheme that is at heart an error detector that 

provides a feedback signal to adjust the evaluation polynomial. 

Hierarchies. 2 Hierarchical representations are one method of organizing the 

application of constraints to the solution space, shrinking it until no more 

constraints remain, and (one can hope!) leaving a non-empty portion of the 

space: the solution. By contrast, a single search makes tentative explorations of 

the solution space in different directions, evaluates them in the light of all 

constraints, and pursues paths according to the results of the evaluation. Early 

problem-solvers (e.g., STRIPS in Fikes and Nilsson, 1971) used this second 

approach. 

Hierarchies for problem-solving developed in an attempt to reap more substantial 

search reduction by using constraints cleverly. The first application of this idea 

is found in GPS, and is called "planning."3 For example, as an aid to proving 

theorems in propositional calculus, solutions are first sought to a more abstract 

problem that retains only certain aspects of t.he real problem (differences in 

connectives, signs and order of symbols are ignored). This solution limits the 

choice of operators. to apply in the search for a solution in the original space. 

2Thi;-section--uses-the word "hierarchy" in a loose way to mean a succession of 
increasingly detailed abstract representations of a problem. The sequence need 
not represent a strict containment tree or domination of detailed levels by more 
abstract levels. I have no desire to take up the hierarchy/heterarchy debate. 

3GPS thrust a technical definition upon this abstract noun. The emergence of 
robot problem-solving systems inevitably caused the term to be used in a looser 
sense to describe the generation of action sequences. . 
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If no solution results, a different solution to the abstract problem is sought, and 

the process repeated (Newell and Simon, 1971, p. 428). 

The next work that strongly evokes hierarchies is the ABSTRIPS problem-solver 

(Sacerdoti, 1974). This technique, born of the quasi-formal theorem-proving in 

STRIPS, seeks solutions first to simplified for1;D.s of the problem and uses these 

to guide a means-end analysis solution to the original problem. The simpler 

problems are constructed by dropping many of the antecedent conditions that 

must be satisfied in order that an operator may be applied. When a solution to 

the simpler problem is found, some of the dropped constraints are restored, and 

a solution to the more constrained problem is sought. constrained to visit the 

same solution-space points as the simple solution. ABSTRIPS uses a clever, but 

restricted, method to construct the abstract problems: 'why shou~d the abstract 

problem definitions be so closely related to the detailed ones? (See Amarel, 1968, 

for a beautiful description of alternative non-intuitive abstractions of the 

missionary and cannibals problem.) Additionally, ABSTRIPS borrowed from STRIPS 

the limitations of an inaccessible planning control structure. 

Sacerdoti remedied both of these difficulties in NOAH (Sacerdoti, 1975)' The 

abstract versions of a problem are "programmed up" in a language called SOUP, 

similar in many ways to other AI languages. Rather than directly executing all 

SOUP code, however, the system partly executes code and partly examines, in a 

global fashion, the interactions among the constraints of the several GOALS 

attempted in ·the SOUP code. This analysis often establishes constraints on the 

order of application of the operators--all this is without intervention by the 

SOUP code. When the· problem is satisfactorily "solved" at' one level of detail, 

NOAH expands the steps of the plan in more detail by invoking SOUP code 

specified for each step. Thus, the selectivity in choosing planning paths is much 

the same as, say, MicroPlanner, but the control is entirely different: Sacerdoti 

saw that a breadth-first approach permits many problems of global constraint to 

be resolved before detailed analysis is attempted. 

Execution monitoring. ·The need for execution monitoring arises because the 

states of the world induced during execution of a plan may differ from the 

states hypothesized during planning, consequently causing further execution to 

run amok. Generally, execution monitoring is accomplished by endowing the 

computer system with a complete world model, and by updating that model after 

every action is performed. Then the actual state of the world, as reflected in 

.' 
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the model, can be compared with the state anticipated by the planning system. 

Various kinds of processing can take care of· differences between reality and 

anticipation: to detect failures ·and replan. to recover; or to detect surprises that 

unexpectedly ease the problem solution~ 

The most renowned example of execution monitoring is the STRIPS PLANEX 

system (Fikes and Nilsson, 1971), which uses a representation of the plan called 

a "triangle table." The table records, for each action in the plan, a syrqbolic 

"kernel" that is compared with the world model to decide which step' to execute 

next. If all goes "according to plan," these comparisons result in a simple 

sequential execution of the planned steps. If something goes seriously awry, no 

kernel will be satisfied, and replanning is indicated. 

Hayes, in a travel planning program, also makes use of a perfect world model to 

invoke appropriate replanning when something is wrong (Hayes, 1975). The 

replanning effort is limited by redoing only those sections of a plan that have 

become invalid. The idea, is to keep a data structure that records decisions 

made during. the planning _ process, together with their dependency on other 

decisions and their relation to planning subgoals. When execution of a subgoal 

fails, it is therefore possible to identify and remove decisions that are 

inappropriate to the new situation, and to eliminate from the plan those steps 

that depend on the invalidated decisions. In a rather different way, this same 

idea is used in PEGASUS: when new information is available, replanning is 

limited to those subplans that are directly affected by the information. A 

dependency structure such as used by Hayes is not kept: it would be massively 

cumbersome in PEGASUS--consider the dependency of decisions on the numerical 

values in the utility function!4 

NOAH begins to relax the requirement for a perfect world model, updated after 

every step. If a particular action fails, NOAH probes around for the discrepancy 

in the world model, and replans, often by patching an existing plan, using 

domain semantics (SOUP code) tailored for this kind of error. An interesting 

aspect of this treatment is that the discrepancy between reality and the 

execution simulation of reality is allowed to grow quite large; consequently the 

4Haycs--;ctualfY--deaf(-only with pos.itive decision premises becoming invalid, e.g., 
cancellation of conveyances upon which the itinerary depends. A more difficult 
problem is dealing with negative premises: a decision to take a particular train 
depends on the non-existence of trains with better connections as well as on the 
existence of the chosen train. The PEGASUS updating scheme, although slower, 
is able to make such adjustments.' 
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world model need not be constantly updated.5 

An execution monitor may choose to limit its information-gathering requirement 

by updating certain parts of the world model very frequently, and ignoring the 

majority of the model. A simple example of such a technique is a servo control, 

as might be used to effect the positioning of a mechanical arm. A more 

complex example is the use of feedback around simple assembly strategies such 

as a spiral search for a hole using axial position feedback (Finkel, et a1, 1975; 

Taylor, 1976). Bolles has investigated numerous ways of limiting vision 

processing required to close such feedback loops (Bolles, 1976). 

5.3 Decision Theory in Robotics 

This dissertation is by no means the first work that observes the problems of 

incorporating cost and reliability into planning systems and seeks relief using 

ideas from decision theory. Munson (1971), in a speCUlative paper on robot 

problem-solving, thought that utility would be a powerful aid in developing 

strategies, but the ideas were never put into practice. Piper (1972) experimented 

with searching a homogeneous probabilistic graph (decision tree) to find plans ~f 

action. This work was an outgrowth of experiments with the Graph Traverser, 

itself an experiment in general-purpose problem-solving. Hart (1969) has pointed 

out, however, that searches of probabilistic trees have rather poor performance 

properties (admissible searches, guaranteed to find the optimum path, are nearly 

exhaustive). This is one of the reasons PEGASUS uses a hierarchical 

organization to search deterministic graphs first, thus bounding search in a 

probabilistic space. 

The most effective uses of decision theory in robotics have all appeared in 

recent vision systems. It is not surprising that decision theory has been applied 

to these problems, partly because vision problems are often attacked with 

numerical techniques, partly because of similarities between vision and statistical 

decision problems, and partly because of the appeal of allocating sensibly the 

large amount of computation these systems require. Three vision developments 

~!~ __ e_s~~~~~Y __ ~2!~~~!~hy: 
5NOAH's actions are intended to be interpreted and executed by a human. To 
an action that he believes he has executed successfully, the operator responds 
"OK." To one that has failed, he responds "CAN'T." Of course, the "OK" answers 
have the effect of updating the model so that the following step is executed 
next, but the right way to look at these answers is as shorthand for "I was 
able to carry out the command you gave ine, as I understood it," not "I have 
verified that all consequences of my action match the expectations of the 
planner." 
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• Yakimovsky (Yakimovsky and. Feldman, 1974) developed a system for 

region-growing that works from a ·model of the class of images presented 

to the system. The model provides estimates of the liklihood of 

competing region-growing decisions. The system searches the space of 

possible region shapes and interpretations by trying to maximize the 

liklihood that a particular solution is the proper one. The key to this 

system is that the model could express "semantic" relationships, e.g., "a 

region labeled sky is most likely to be above a region labeled grass." 

• Garvey and Tenenbaum (1974) expanded these ideas to apply to -scene 

analysis and to the reduction of effort· in locating specific objects in a 

scene. Likely positions of objects (e.g., pictures are high on walls; 

telephones are on tables) are used, together with estimates of the cost of 

making certain visual discriminations (e.g., color, orientation of a surface), 

to plan a sequence of vision operators to find the requested object. 

• Bolles (1976), in a most ambitious system for "verification vision," has 

made extensive use of statistical detection criteria. His job is to reduce 

to a given level the uncertainty of some crude measurement; he selects 

vision operators based on their cost and their empirically observed power 

to reduce uncertainty. He specifically copes with the powerful geometric 

constraints available in most verification: the number of degrees of 

freedom is usually much smaller than would be computed assuming all 

features and objects are independent. This system is a fine example of 

the combination of symbolic (geometric) constraints with decision-theoretic 

criteria. 

5.4 Potential Applications 

It is worthwhile to speculate briefly on how some of the techniques presented in 

this dissertation might benefit current AI systems. The observations divide into 

two main categories: better allocation of planning effort, with attention to the 

cost of planning, and mo~e use of utility or other objective functions. 

• Hearsay II (Lesser, et a1, 1975). The Carnegie-Mellon speech understanding 

system drives a search to analyze a speech wave with a partially 

numerical process. Hypotheses from various sources are recorded in a 

global "blackboard," linked together by dependency relations, and tagged 
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with "at,tention' focussing" numbers. A uniform procedure propagates focus 

information among the hypotheses,. according to dependencies. Processing 

of the hypotheses is scheduled by a multi-process scheduler, driven by the 

attention-focussing tags and capable of allocating one of several processors 

to a task. The attention-focussing markers are apparently used both to 

express the validity of a hypothesis and to direct processing effort. No 

attempt is made to combine the cost of processing with the validity, but 

simply to use validity as a way of imposing selectivity in the search. 

• SRI/SDC speech system (Paxton~ 1977). Paxton has made several empirical 

studies of the effectiveness of different heuristics for controlling the 

effort in this speech analysis system. 'He Was concerned with issues such 

as: Should processing be focussed ,by inhibiting alternative choices? The 

answer turns out be depend on the false-alarm rate of acoustic matching 

processes. These measurements contain the germ of a cost-of-planning 

model for the system that could apply the information uniformly: should 

effort be put in reducing false alarms to permit focus? Because of the 

large variance in input utterances, it is unwise to encode the results of 

these studies as heuristics that say. in effect, "in situation a use method 

b;" the characterization of situations is too coarse to permit unequivocal 

decisions. Once again, we find an application for numerical tradeoff 

among several approaches. 

• MYCIN (Shortliffe, 1974). MYCIN is a decision-making 'framework applied 

to diagnosing bacteremia. Semantics of the domain, painstakingly acquired 

from physicians, are encoded in a data base and used to form implications 

(e.g., if a and .... b then c), with a numerical qualification on the 

confidence of the implication (a "certainty factor," CF). The confidence 

measure, only loosely related to probability, is used as the basis for 

comparing two or more implications of the available evidence, and 

consequently for suggesting the "best" diagnosis and treatment. The CF 

attempts to combine several effects (e.g., empirical probability, expressions 

of caution by physicians because of the" severity of a missed diagnosis, 

etc.). What is entirely absent from MYCIN is any notion of value: the 

relative consequences, to the patient, of various diagnoses, the costs of 

laboratory tests, etc. Ginsberg (1969) investigated a utility function that 

reflects patient's preferences in similar situations. 
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• NOAH (Sacerdoti, '1975). The NOAH framework offers an excellent 

opportunity to experiment with some of the ideas presented here in a 

general-purpose setting.. NOAH has well-developed structures for 

hierarchical planning and for invoking procedures that expand crude plans 

into more detailed ones. Adding a mechanism to report resource 

assignments and therefore to calculate utility information would be 

straightforward. A more substantial modification will be needed to permit 

concurrent exploration of a number of alternative plans. 

Other applications in Computer Science 

Computer systems are getting bigger. This is true not only of AI programs,but 

also of such apparently trivial applications as text editors. Some of the growth 

can be ascribed to growing requirements: an AI program may attempt to solve 

an intricate problem; a text editor may acquire complexity because it attempts to 

offer a very pleasant experience to i~s user; or a command and control system 

may grow as requirements increasingly integrate diverse aspects of the problem 

into one system. 

But an additional generator of growth is particularly interesting: as the 

repertoire of computer solution techniques grows, designers attempt to devise 

general-purpose programs that can cope efficiently with ever broader classes of 

input problems. For example: 

• "Hidden surface elinlination" is a problem in computational geometry often 

associated with computer graphics (Sutherland, et al, 1974)., There is no 

solution that is "best" for all geometrical and topological situations that 

may arise. Even the details of the solution techniques, par~icularly the 

selection of certain sorting and computational geOlnetry algorithms, may 

depend on the statistics of the problem presented for solution and on the 

exact form of output desired. 

• Computer-controlled manipulators require an intricate program of control 

signals to accomplIsh an assembly task. Many aspects of the task can be 

planned in advance, given specifications of the assembly and of the 

geometry of the pieces. Some aspects of planning must await more 

precise information about locations of the parts. Some of the procedures 

cannot be planned in detail at all, because of cumulative manipulator 
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errors; local iterative procedures, such as a search to insert a screw in a 

hole, must be used (Taylor, 1976). 

• How should a function be integrated. numerically? There are many 

techniques, of varying applicability, speed, and precision. 

• The range of computer language translators, extending from interpreters to 

compilers to very sophisticated optimizers, encompasses a myriad of 

techniques. Much is known about optimization tricks, but an optimizing 

compiler may be expensive. At the other end, an interactive user 

demands flexibility, but expects adequate efficiency. 

The interesting aspect of these examples is that solution techniques abound; the 

problem is to build systems that plan a proper application of the techniques to 

achieve an efficient solution. All of the considerations explored in this 

dissertation are relevant: We need to plan in the presence of uncertainty about' 

many of the problem details. We need to assess tradeoffs among. different 

techniques with differing reliabilities and costs. We need to balance the effort 

invested in planning with that devoted to achieving the solution itself. We 

need to devote a judicious amount of effort to monitoring execution progress and 

to replanning if necessary. As we learn more about the individual solution 

techniques and about planning techniques, we can expect to build computer 

systems that plan the proper combination of techniques to solve classes of 

problems. 



Chapter 6 

Conclusions 
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6.1 Summary 

This dissertation has explored a conjunction of AI and decision-theoretic 

techniques, especially as applied to two' case studies. Our aim has been to use a 

judicious amount of mechanism to achieve good solutions to problems. The 

utility function proves useful for: 

• Comparing the value of alternative plans, including expressing tradeoffs 

among multiple goals. The plans may be plans of action, plans to acquire 

information, or plans to engage in planning activities. 

• Expressing the effects of uncertainty and risk consistently for all plans, so 

that plan evaluation includes these effects. 

• Exposing to the designer or user crucial parameters 'that affect the 

system's decisions. 

The utility functions we devised in the two case studies exhibit certain 

properties tailor for application in a problem-solver: 

• Additivity of a "resource vector" that represents the plan-specific 

parameters for the utility calculation permits inexpensive incremental 

updates to the utility as a plan is built and modified. 

• Monotonicity simplifies arguments used to construct resource vectors 'that 

give rise to upper bounds on the. utility of partially complete plans. 

Used in a problem-solver, the utility function on plans and' partial plans helps 

apply various solution techniques: ' 

• Search. The utility function provides a numerical guide to control search. 

Calculation of upper bounds on partial plans is important for this use. 

• Elaboration. The utility of a plan can be used to assess the benefits of 

modifications or ex~ensions to a plan that are thought to improve it. 

• Hierarchies. The utility function provides a way to organize a hierarchy. 

Solutions at one level of detail furnish symbolic and utility "templates" to 

work on more detailed solutions. The utility of a solution at one level .' 

becomes the guide at the next level, used to bound incomplete plans and 

to control search. 
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• Heuristics and specialists. The utility function allows the peaceful 

cooperation of different solution techniques by subjecting the efforts of all 

to a uniform evaluation. A low value of the utility of a plan generated 

by a heuristic that "is not good enough" will suggest invoking another 

available solution technique. 

The utility function also helps to allocate resources to planning, acting and 

information-gathering. In particular, a model of the cost of planning is used to: 

• Allocate planning resources to alternative processing techniques with regard 

for their efficiency: their ability to generate high-utility solutions with 

low expenditures of planning resources. 

• Engage in only enough planning to' find the P-optimal solution, i.e., the 

optimal solution to the problem, given that planning costs must be 

charged against the final solution. 

If we characterize problem-solving as a massive topo~ogical sort through a 

problem-space, the utility evaluation emerges as one technique for computing the 

sorting order. Symbolic constraints will cause great sections of the space to be 

excised from further consideration. Extremely low utility bounds will similarly 

discard other areas. In the remaining regions, the utility and symbolic "sorting 

keys" are developed to greater and greater precision as attention focusses on the 

solution. 

6.2 Suggestions for Further Work' 

Systems. The approach presented in this work could influence the design of 

problem-solving systems able to use utility information. Current AI practice 

would encourage these techniques to be designed into a language. As mentioned 

in Chapter 5, a receptive host language might be Sacerdoti's NOAH. If this is to 

be attempted, a number of needs revealed by PEGASUS must be addressed; not 

all require innovation: 

1. Many individual problems are being pursued at once. As increasing 

attention has been placed on procedural methods for reducing search, or 

for representing search implicitly in a control, s'tack, facilities for 

conventional searching have atrophied. The whole thrust of attempts to 

optimize requires examining several solutions; these arc often alternative 
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instantiations of plan outlines. The need to keep several solution tasks in 

progress is also responsible for several other requirements in this list. 

2. Means must be provided to allocate computing resources to the various 

plans being pursued. Each plan could be represented. as a process; a 

scheduler could be used to control the planning. 

3. Access to the plan processes is needed for various purposes. A task 

scheduler will ask for current upper bound evaluations in order to allocate 

effort. Re-evaluation requires enumerating plans and applying a plan­

specific p'rocedure to effect updates. Some planning techniques may 

require access to current pl~ns in order to locate an alternative (e.g., for 

a fail ure recovery). 

4. The massaging of plans as a consequence of execution is especially 

taxing. Regardless of the suspended state of planning on each problem, 

the problem itself must be transformed into a new one, in which the 

first, now executed, step is discarded (or, at more abstract levels, simply 

altered). As initial parts of plans are removed, it is possible th~t 

remaining tails of two or more plans become identical: duplicate plans 

must be removed from the processing schedule. The exact notion of 

"identical" will vary from abstraction to abstraction--plans are identical at 

level SP if they use the same route; at level INSTANTIATE the same trip 

choices are required as well. 

5. Incremental changes. One lesson of the PEGASUS experiment is the 

chaos that results when clean mechanisnls for effecting incremental 

changes are absent. Whereas most AI planning progranls have limited the 

"changeable" parts of the state of nature to the direct effects of planned 

actions, PEGASUS attempts to withstand changes in utility model (i.e., 

goal structure), in available conveyances, in weather conditions, etc. This 

problem is so widespread that the "demons" of AI languages or 

"continuously evaluating expressions" offer solutions that are too bulky. 

Part of the answer lies in designing searching and planning procedures 

that can cope reasonably with new data (e.g., "an extra section of flight 

103 is being added"), regardless of the progress of the search, and then 

expressing these with uniform conventions, such as the class/instance 

paradigm. 
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6. Sharing. PEGASUS uses fairly crude and replicative data structures for 

describing plans that often have common sub-pieces. Although a good 

deal of sharing is practical within levels (e.g., SP), as plans are packaged 

for shipment to other levels, they are copied. It is tempting to design a 

canonical plan representation to achieve more sharing (as in, for example, 

QA4, Rulifson, et al, 1972)' There are at least two problems with such a 

design: the equality checks mentioned above are not made significantly 

easier, and, more importantly, there is no canonical plan-building direction 

(unlike the building of lists by CONS) -- some solution techniques work 

forward, some backward, some in both directions. 

Cost of Planning. PEGASUS makes only beginning attempts to model planning 

costs. One class of extensions is trivial: adding to the repertoire of planning 

resources measurect computer time, access to data bases (suppose each access to a 

travel guide cost $.10), storage utilization, etc. Refinements here can lead to 

more precise models of the cost of computation, but not to more effective uses 

of the information. 

However, power lies in being able to estimate future effects of planning. This 

information was used in PEGASUS to curtail planning, but not to choose among 

alternative problem-solving techniques. More effective predictive cost-of-planning 

models can certainly be built. Generally, these are statistical models that map 

certain features of the plan and problem-solving system into estimated costs. 

The features may include aspects of the plan (e.g., number of steps, current level 

of detail) and aspects of the planner (e.g., estimated branching factors in 

searches, enumeration of as yet untried specialized planning tricks, etc.) 

Admissibility. The framework we have developed here requires a notion of 

admissibility that is broader than normally given: it must include the effects of 

the cost of planning. Corresponding to searches for P-optimal plans, there is a 

criterion of P-admissibility. A solution technique will be P-admissible if it finds 

a solution with maximum utility of execution and planning combined. This 

criterion permits more than purely numerical tradeoff of solution and planning 

costs: in cases of large planning costs, we can even use incomplete symbolic 

methods. Allowing incomplete methods may permit approximate solutions to 

some of the "very hard" problems (e.g., NP-complete problems) to be P-optimal. 

Of course, computers generate only approximate solutions to many problems 

presented to them (e.g., finite precision arithmetic represents an approximation in 
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many cases),. ~ut the notion of P-admissibility will determine what sorts of 

a pproxima tions are sa tisf actory. 

P-admissibility may yield solutions at varying levels of detail. A P-optimal 

solution from a hierarchy of abstractions might not necessarily . have completed 

processing at the most detailed level. This is another sort of approximation: in 

some cases we will obtain more abstract solutions than in others. 

The problem, of course, is that we have no techniques for making effective use 

of the P-admissibility notion in the most general sense: to justify approximate 

symbolic or abstract solution techniques in the presence of planning costs. P­

admissibility has some non-intuitive implications: Should a technique that. is 

executed on a faster or less expensive computer be required to find a better 

solution? 

In many ways, P-admissibility is what AI is all about. It recognizes that 

optimal solutions to computationally outrageous problems are not useful. AI has, 

in effect, loosely defined P-admissibility by using techniques that attempt to get 

good solutions most of the time for modest computational investments. AI is 

concerned with the design of methods to achieve these solutions: heuristics, 

hierarchies, bounds arguments, and so forth. 

6.3 Decision Theory and Artificial In telligence 

Some readers will have already objected that our suggestions do not increase the 

range of problems solvable by decision theory or symbolic processing, that each is 

a powerful and complete paradigm, and that our remarks bear on efficiency 

considerations alone. The pure symbolic processor claims that he can achieve 

optimization effects by dividing numeric ranges into a small number of "symbolic 

values" (e.g., temperature into COLD, COOL, WARM and HOT) that suffice for a 

given problem. Information about tradeoffs can be encoded as a set of symbolic 

preferences; (FED and \VALKED-A-LONG-DISTANCE) is preferred to ((not FED) 

and W ALKED-A -SHORT-DISTANCE). Or he will assess tradeoffs numerically by 

instantiating theorems of number theory, analysis' and algebra. This gives rise to 

crude and awkward models in cases where a small amount of numerical 

processing is more natural and accurate. 

The pure mathenlatical programmer, on the other hand, will mathematize all 

constraints or move complexity into value or reward functions. He will 
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formulate any search as a shortest path problem with appropriate arc weights 

and propose dynamic programming to calculate a solution. The result is often a 

huge state space for very simple problems, making numerical solution simply 

infeasible. 

Practitioners of either field adopt more moderate approaches: the AI designer 

finds many problems suited to partially-numerical approaches. Similarly, the 

decision theorist engages in a substantial amount !)f sYInbolic reasoning to 

formulate his model and to apply it intelligently to the situation; he may also 

use "heuristic" solution techniques on large problems. A human analyst will 

perform the reasoning req~ired to build a decision tree intelligently, one that 

represents sensible plans. From the point of view of AI, this construction 

process is itself an endeavor of interest. 

From the point of view of decision theory, our formulation aims to permit a 

computer program to emulate a good decision analyst. Such an analyst combines 

formulating plans and searching decision trees to arrive at a solution. A good 

analyst will monitor the implementation of the decisions, keeping abreast of 

exogenous changes in the utilities on which his solution was based, formulating 

additional plans, etc. This is in contrast to conventional computer programs used 

to search one static tree exhaustively. 

From the point of view of AI, the advantage of decision theory is the ability to 

find solutions that are "optimal" in some model. Although the approach requires 

a certain amount of search to find solutions, we have shown several powerful 

methods to limi t the search: 

• The symbolic problem solver constrains the search later undertaken to 

perfect a strategy. A rough plan generated in sinlplified, abstract space, 

can be used to constrain the more careful planning. These are basic 

search-limiting methods of AI not practiced in decision analysis programs. 

• A number of decision-theoretic techniques limit search. Branch-and-bound 

methods limit search based on bounds derived from the utility models. In 

addition, one can prove that the failure Fl in Figure 2-6 should not 

include paths that persist in using the sanle box (i.e .. paths that disregard 

the outcome of the test): every such strategy is d01ninated by one that 

simply does not perform the test at all. Such "utility theorems" limit 

search. 
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Another example of search limiting occurs when' the plan outline specifies 

a loop. Any paths that involve loops continue to incur increased costs as 

they are expanded,' but. the ultimate utility is fixed. 1'he loop thus 

expends effort without approaching the goal; such paths will be cut off by 

the branch-and-bound algorithm. 

• Domain-independent heuristics can be applied to limit search. One such 

heuristic is to explore paths of high probability first, and perhaps be 

willing to bound pessimistically those paths of low probability. Although 

pure decision theory looks dimly on this technique because even paths of 

low probability may have unbounded utilities, in many cases we can 

meaningfully assign bounds to the utilities. 

Certain of the recovery mechanisms, e.g., using another' top-level 

alternative, are domain-independent, as is the method of approximating the 

utility of such an alternative p~an. 

• Domain-dependent heuristics can limit search. Although these techniques 

may require a certain amount of reprogramming for each new domain, 

they are probably far more powerflll than domain-independent methods. 

The current AI trend toward knowledge-based systems (Nilsson, 1974; 

Bobrow and Collins, 1975; Fikes, 1976) is due in part to benefits of 

distributing domain knowledge throughout systems. 

Search-limiting heuristics are not without drawback -- the resulting search may 

not guarantee finding the optimal solution, i.e., it is not admissible. However, 

the utility measure still allows us to extract the best plan among those 

developed in the search. 

The Combina tion 

What the two fields of decision theory and artificial intelligence offer is a 

collection of techniques that can be applied judiciously to solve problems. There 

are cases when decision . theory applied to the problem domain adds little to AI 

techniques, but may still offer help in allocating planning resources: 

• Insignificant Costs. The benefit of optimal planning may simply be too 

low if the costs of the planning and execution are themselves insignificant 

or if the planning costs greatly exceed the exccu lion costs. 
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Identical Values. A ·problem may give rise to solutions of identical 

preference. A theorem-proving program may not be at all concerned with 

finding the shortest proof or with the expense of the search. A program 

that attempts to "understand" a paragraph of natural language in order to 

answer questions about it is likewise not concerned with optimization but 

with capturing a conceptual structure. In these cases, the utility function 

on outcomes is nearly constant, and gives no information to the search. 

Both of these examples are characterized by the intuition that the domain 

is inherently symbolic: the understanding problem is to build a conceptual 

structure that is communicated as a string of words; the theorem-proving 

task, even as practiced by humans, is primarily symbolic manipulation. 

There are notions of "best" solutions in both cases, but they are second­

order considerations. 

However, these examples are confronted with problems in allocating 

solution effort, and we can still hope to find the "best derivation" of the 

solution. Humans too may find processing resources limited when 

performing these chores, and must settle for approximate solutions 

(Norman and Bobrow, 1974). 

• Modeling Difficulties. It may be very difficult to construct a utility and 

probability model that applies to the problem. Although the central 

theorem of decision theory shows that any choice of a "best" plan is an 

implied assessment of utilities and probabilities, it still may be difficult 

to cast the model in numerical terms. 

A particularly painful aspect of this problem is presented by Bayes' rule: 

if we use the rule to calculate the probability distribution resulting from 

a sequence of tests, a potentially huge number of conditional probabilities 

(or probability distributions) is required. This difficulty, coupled with 

that of extracting probability information from humans, has led to several 

alternative "rules of inference" for computing likelihood information based 

on test outconles (e.g., Shortliffe, 1974). This is an important current 

research topic. 

But there are also ways in which decision theory adds considerable power: 

• Convenient Representation. Utility and probability models are often 
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convenient ways of representing parameters of a problem; they thereby 

ease parameter modification by a designer or by a user with a slightly 

different problem. For example, if a vision operator is modified to use a 

faster algorithm and therefore less computer time, a small modification to 

the utility model will suffice to alter the performance of an entire vision 

system correctly. It would be less obvious how to modify a set of 

symbolic heuristics that governs the application of the operator. 

A simple utility function may express the tradeoffs among the various 

resources the system consumes (money, elapsed time, etc.). The 

information that g~verns the tradeoffs the system actually makes is thus 

localized and easily modifiable. Some such modifications can be made by 

the system itself in reaction to complaints about its behavior; the changes 

could require only simple numerical calculations to compute new 

parameters for the utility model. It is less obvious how a program should 

itself "learn" heuristics. 

Finally, because decision theory is continually being applied to real-world 

problems, new models are built, refined and used. For example, efforts 

are underway to provide doctors with decision-theory models to help plan 

the diagnosis and treatment of various diseases (Pauker and Kassirer, 

1975; Ginsberg, 1969). Computer aids to such decision-making can take 

advantage of the models.: 

• Ubiquity of Planning. Such models are not limited to application in 

traditional "AI" domains. For example, an optimizing compiler embarks 

upon substantial symbolic reasoning to plan efficient object code for a 

program; sophisticated optimizers measure or estimate how often a section 

of code is executed and use this as an estimate of the utility of an 

optimization. An extended utility structure would permit trading off 

different forms of optimization and including the 'user's utility 'function. 

Automatic programming, and in particular automatic coding (Low, 1974; 

Rovner, 1976), seem to involve the same kinds of planning and elaboration 

mechanisms presented here. 

• Optimal Planning. A decision-theoretic model of a planning process itself 

can be used to make planning decisions and thus to control allocation of 

effort to planning tasks. Many AI' progralns such as planners, problem-
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solvers, parsers, and "understanders" require such guidance in the 

application of available methods: Is it more important to plan further 

ahead or to investigate detail of the current plan? (Sacerdoti. 1974) How 

far should consequences of a situation be investigated? (Rieger, 1975) 

Increasingly, this problem becomes one of controlling a number of 

processes, which are "triggered" by various changes in the world model, 

and which are responsible for exploring consequences of the change 

(Bobrow and Winograd. 1977). If two alternative parsings of a sentence 

appear similar in a crude analysis. should one be examined in detail. or 

should both be explored uniformly? (Paxton and Robinson, 1973) How are 

alternative hypotheses pursued? (Woods, 1974) 

Even if the plans themselves have nearly constant utility, optimal 

planning is useful. For example, in a theorem prover, we are given a set 

of clauses and must decide which of several resolutions to make; if we 

can calculate the cost of planning a solution from a given set of clauses, 

we choose the resolution that gives rise to the lowest planning cost. 

Thus although the space of outcome utilities is constant, the utilities of 

various alternative planning approaches are not. This second space has 

been important to the development of search programs; it corresponds for 

example to the evaluation functions in game-playing programs. 

When the costs, uncertainties. and outcomes of the planning process itself 

are considered in controlling a planning and execution system. the system 

does "optimal planning." Although the plans generated may not be optimal. 

the entire process, including planning. is optimal. This suggests an 

extended notion of admissibility that includes consideration of planning 

costs. 

• Detection Problems. AI has embraced a number of problems that have 

. significant detection components: speech understanding and machine vision 

are the most obvious examples. The problems of efficient detection, and 

especially of uncertainty in the results, are at the heart of decision 

theory. In an AI setting, the knowledge gained from detection operations 

must be incorporated into higher-level reasoning that has significant 

sy-Inbolic components. It is perhaps in these problems that the approach 

we propose is most advantageous, for it unifies inherently numerical 

computation (detection) with sYlnbolic reasoning (understanding). Indeed it 
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is thes~ areas that gave rise to the approach and saw early applications 

(Yakimovsky and Feldman. 1974; Garvey and Tenenbaum. 1974; Tenenbaum, 

1973; Bolles. 1976). 

As computer systenls generally, and AI programs particularly, become larger and 

more complex, they make more internal choices among available methods to 

attack the stated problem. This is a natural consequence of increased 

understanding of computer algorithms and of desires to make programs more 

general in purpose. Even if we are reluctant to impose numerical models on the 

solution space, we cannot neglect opportunities to measure and guide the choices 

these systems make to generate solutions to the problem. 
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Appendix 

Trace of PEGASUS Execution 

This appendix presents a trace of the execution of PEGASUS on a simple 

problem. The trace is intended to elucidate several points about the operation 

of the planner: 

• How the utility measures applied to all levels are used to control the 

planning. 

• How the cost of planning changes the outcome of the planner, and how 

the information is used. 

• How many alternatives are considered, at least in part. 

PEGASUS is given the problem of designing an itinerary to travel from HOME 

(Palo Alto, California) to UR (University of Rochester, Rochester, N.Y.), given the 

constraint to leave home after 7:00 June 14. The salient features of the model 

of the client are: 

Utility functicn = 1000 - Money -.33 Time -.1 Stress - Misc 

Cost of planning = -.3 • ComputcrTime (measured in seconds) 

Quality of time contributions to stress: 

Home: 0 

all other spots: .03/minute 

Air: .05/minute 

Train: .1/minute 

Bus: .1 /minute 

~ 

The itineraries planned by PEGASUS are: 

Itinerary 1. (Tasks 0.1,2.3.4.5.6) Utility: 633.2546 

Main path: probability=.5939, U=676.16 

TAXI·. From f-IOME to SFO. Departure JUN 14 8:13 transit time 0:22 (512.96). 

Layover at SFO starting JUN 14 8:35 lasting 0: 10. 

AA 92. From SFO to DTW. Depmture JUN 14 8:45 transit time 4:03 (5139.0). 

Layover at DTW starting JUN 14 15:48 lasting 1 :02. 

AA 92. From DTW to ROC. Departure JUN 14 16:50 transit time 0:57 ($17.0). 

Layover at ROC starting JUN 14 17:47 lasting 0: 15. 

TAXI". From ROC to UR.'Departure JUN 14 18:02 transit time 0:01 ($1.42). 

Arriving at destination JUN 14 18:03. 

Backup: probability = .1684, U=616.07 

Layover at SFO starting JUN 14 8:35 lasting 3:25. 

UA 86. Fran) SFO to DTW. Departure JUN 14 12:00 transit time 4:03 ($139.0). 

Layover at DTW starting JUN 14 19:03 lasting 0:02. 

AL 736. From DTW to ROC. Departure JUN 14 19:05 transit time 1:10 (517.0). 

Layover at ROC starting JUN 14 20: 15 lasting 0: 15. 

TAXI-. From ROC to UR. Departure JUN 14 20:30 transit time 0:01 (51.42). 

Arriving at destination JUN 14 20:31. 

. .... 
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Backup: probability = .2498. U=623.27 
Layover at DTW starting JUN 14 15:48 lasting 3:17. 
AL 736. From DTW to ROC. Departure JUN 1419:05 transit time 1:10 ($17.0). 
Layover at ROC starting JUN14 20: 15 lasting 0: 15. 
TAXI-. From ROC to UR. Departure JUN 14 20:30 transit time 0:01 ($1.42). 
Arriving at'destination JUN 14 20:31-

Itinerary 2. (Tasks 0.1,8,14.15.16,17) Utility: 638.697 
Main path: probability = .7391, U=679.81 
TAXI·. From HOME to SJC. Departure JUN 14 7:16 transit time 0:14 (58.28). 
Layover at SJC starting JUN 14 7:30 lasting 0:15. 
UA 464. From SJC to ORD. Departure JUN 14 7:45 transit time 3:45 ($126.0). 
Layover at ORD starting JUN 14 13:30 lasting 0:55. 
UA 362. From ORO to ROC. Departure JUN 14 14:25 transit time 1 :27 ($30.0). 
Layover at ROC starting JUN 14 16:52 lasting 0: 15. 
TAXI". From ROC to UR. Departure JUN 14 17:07 transit time 0:01 ($1.42). 
Arriving at destination JUN 14 17:08. 

Backup: probability = .1032, U=565.57 
Layover at SJC starting JUN 14 7:30 lasting 5:35. 
UA 356. From SJC to ORD. Departure JUN 14 1.3:05 transit time 3:55 ($126.0). 
Layover at ORD starting JUN 14 19:00 lasting 0:30. 
AA 214. From ORO to ROC. Departure JUN 14 19:30 transit time 1 :25 (S30.0). 
Layover at ROC starting JUN 14 21 :55 lasting 0: 15. 
TAXI·. From ROC to UR. Departure JUN 14 22: 1 0 transit time 0:01 ($1.42). 
Arriving at destination JUN 14 22: 11. 

Backup: probability = .1381,' U=635.80 
Layover at ORD starting JUN 14 13:30 lasting 3:00. 
AA 500. From ORO to ROC. Departure JUN 14 16:30 transit time 1 :24 ($30.0). 
Layover at ROC starting JUN 14 18:54 lasting 0:15. 
TAXI'. From ROC to UR. Departure JUN 14 19:09 transit time 0:01 ($1.42). 
Arriving at destination JUN 14 19: 10. 

Itinerary 3. (Tasks 0,1,7,10,12.20.21) Utility: 649.1374 
Main path: probability = .6101, U=682.48 
TAXI·. From HOME to SFO. Departure JUN 14 9:38 transit time 0:22 ($12.96). 
Layover at SFO starting .JUN 14 10:00 lasting 0:05. 
AA 182. From SFO to ORO. Departure JUN 14 10:05 transit time 3:44 (S126.0). 
Layover at ORO starting JUN 14 15:49 lasting 0:41. 
AA 500. From ORO to ROC. Departure JUN 14 16:30 transit time 1 :24 ($30.0). 
Layover at ROC starting JUN 14 18:54 lasting 0: 15. 
TAXI'. From ROC to UR. Departure JUN 14 19:09 transit tirne 0:01 ($1.42). 
Arriving at destination JUN 14 19: 10. 

Backup: probability = .1852, U=646.63 
Layover at SFO starting JUN 14 10:00 lasting 0: 15. 
UA 126. From SFO to ORD. Departure JUN 14 10: 15 transit time 3:55 (8126.0). 
Layover at ORD starting JUN 14 16: 1 0 lasting 1 :30. 
UA 794. From ORD to ROC. Departure JUN 14 17:40 transit time 1 :30 ($30.0). 
Layover at ROC starting JUN 14 20: 10 lasting 0: 15. 
TAXI". From ROC to UR. Departure JUN 14 20:25 transit time 0:01 ($1.42). 
Arriving at destination JUN 14 20:26. 

Backup: probability = .2142. U=655.30 
Layover at ORO starting JUN 14 15':49 lasting 1 :51. 
UA 794. Fr9m ORO to ROC. Departure JUN 14 17:40 transit time 1 :30 ($30.0). 
Layover at ROC starting ,JUN 14 20: 10 lasting 0: 15. 
TAXI-. From ROC to UR. Departure JUN 14 20:25 transit time 0:01 ($1.42). 
Arriving at destination JUN 14 20:26. 

Itinerary 4. (Tasks 0.1.7.11.13.2~~.23) Utility: 595.3527 
Main patl): probability = .6(393, U=675.94 
TAXI·. From I-lOME to SFO. Departure .JUN 14 14:18 transit time 0:22 ($12.96). 
Layover at SFO stmting JUN 14 14:40 lasting 0:20. 



AA 222. From SFO to ORO. Departure JUN 14 15:00 transit time 3:49 ($126.0). 

Layover at ORO starting JUN 14 20:49 lasting 0:41. 

AA 524. From ORO to ROC. Departure JUN 14 21 :30 transit time 1 :22 ($30.0). 
Layover at ROC starting JUN 14 23:52 lasting 0: 15. 

TAXI·. From ROC to UR. Departure JUN 15 0:07 transit time 0:01 ($1.42). 

Arriving at destination JUN 15 0:08. 

Backup: probability = .0779. U=467.32 

Layover at SFO starting JUN 14 14:40 lasting 0:50. 
UA 130. From SFO to ORO. Departure JUN 14 15:30 transit time 3:55 ($126.0). 

Layover at ORO starting JUN 14 21 :25 lasting 9:35. 

AA 196. From ORO to ROC. Departure JUN 15 7:00 transit time 1 :22 ($30.0). 

Layover at ROC starting JUN 15 9:22 lasting 0:15. 
TAXI·. From ROC to UR. Departure JUN 15 9:37 transit time 0:01 ($1.42). 
Arriving at destination JUN 15 9:38. 

Backup: probability = .2166. U=470.74 
Layover at ORO starting JUN 14 20:49 lasting 10:11. 
AA 196. From ORO to ROC. Departure JUN 15 7:00 transit time 1 :22 ($30.0). 
Layover at ROC starting JUN 15 9:22 lasting 0: 15. 

TAXI·. From ROC to UR. Departure JUN 15 9:37 transit time 0:01 ($1.42). 
Arriving at destination JUN 15 9:38. 
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A chart of the tasks undertaken is. presented in Figure A-I. Each task is 

identified by a number that describes the order in which the tasks were started. 

Task 0 is created when the problem statement is ingested. The first solution to 

this task initiates task 1, which later produced solutions numbered 2, 7, 8, and 

9. The arrows symbolize the passing of a solution to a new level; in 

parentheses near each arrow is a pair: the utility of the solution generated, and 

the time (in seconds) since the previous solution to the task was generated. 

It is instructive to make a table showing where each solution path "lost" its 

utility: 

Itinerary SP INST ANTIA TE DOLLARS FILLIN PROB 

-81 -14 -0 -11 -35 

2 -80 -13 -0 -7 -36 

3 -82 -9 -0 -10 -24 

4 -82 -10 -0 -10 -79 

We notice that the differences among the plans are largely "explained" by the 

analysis done in the PROB level. Itinerary 4 is poor because there is very poor 

backup at ORD--AA 524 is the last flight of the day. Itinerary 3, on the other 

hand, has exceptionally good backup (short waiting times before the next flight 

on the same route). Itineraries 1 and 2 have intermediate appeal. It will not 

always be the case that PROB processing is the most significant. In this case, 

because transportation to the airports is similar and because planes fly often 
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enough on the route to make scheduling easy, the INSTANTIATE and FILLIN 

contributions are almost identical. 

Let us examine the processing' of PEGASUS in somewhat more detail. Until the 

time task 6 is generated, PEGASUS is using its depth-first approach, and is 

simply allocating effort to the most recently initiated task. Thereafter, however, 

the processing skips around, governed by the upper bounds (and discounted by 

the cost of planning). Here is a sample (note that when a solution is 

generated, its true utility is cited, whereas control of. planning is based on Up, 

the upper bound of the task, discounted by the expected costs of completing a 

solution that would emerge from the task): 

Work on task 7 (INSTANTIATE) until Up drops below 679.4. 
This generates a new solution of U=684,O, and spawns task 10. 

Work on task 7 (INSTANTIATE) until Up drops below 679.4. 
This generates a new solution of U=682.8, and spawns task 11. 

Work on task 10 (DOLLARS) until Up drops below 679.0. 
This generates a new solution' of U=684.0, and spawns task 12. 

Work on task 12 (FILlIN) until Up drops below 679.0. 
Work on task 1 (SP) until Up drops below 679.4. 
Work on task 7 (INSTANTIATE) until Up drops below 678.3. 
Work on task 11 (DOLLARS) until Up drops below 677.8. 
This generates a new solution of U=682.8, and spawns task 13. 

Work on task 13 (FILlIN) until Up drops below 677.8. 
Work on task 8 (INSTANTIATE) until Up drops below 677.0. 
This generates a new solution of U=681.5, and spawns task 14. 

Each FILLIN process sets up a recursive call on the entire system in order to 

flesh out the ASSUMEd steps of the original plan. Here is a sample sequence 

from task 4: 

Work on task a (TOP; HOME-SFO) until Up drops below -10E10. 
This generates a new solution (TRAIN·) of U=988, and spawns task b. 

Work on task b (SP) until Up drops below 983. 
This generates a "utility dominance," and causes b to bo suspended. 

Work on task a (TOP) until Up drops below -1 OE 1 O. 
This generates a new solution (BUS·) of U=988, and spawns task c. 

Work on task c (SP) until Up drops below 979. 
This generates a "utility dominance," and causes c to be suspended. 

Work on task a (TOP) until Up drops below -1 OE 1 O. 
This generates a new solution (TAXI·) of U=979, and spawns task d. 
(Note: TAXI has no transportation graph, and proceeds to INSTANTIATE) 

Work on task d (INSTANTIATE) until Up drops below 974. 
This generates a new solution ... 

... TAXI from HOME to SFO continues through the proctlssing. 

Work on task i (TOP; ROC-UR) until Up drops below -1 OE1 O. 
This generates a new solution (TRAIN·) of U=999, and spawns task j. 

Work on task j (SP) until Up drops below 994. 
This generates a "utility dominance," and causes j to be suspended. 

Work on task i (TOP) until Up drops below -1 OE1 O. 
This generates a new solution (TAX'·) of U=998, and spawns task k . 

... TAXI from ROC to UR continues through Ihe processing. 
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FILLIN (task 4) returns a joint solution of U=668. 

Figures A-2 through A-4 illustrate various aspects of the· progress of the 

solution in the presence of cost of planning. They plot the lessening in utility 

as planni~g proceeds; the numbers indicate the point at which the task of that 

number was started. For example, Figure A-2 shows only task 1: it was 

spawned with a solution that had U=774; the task itself generated solutions that 

spawned tasks 2, 7, 8 and 9. Figure A-3 overlays all possible solution paths in 

an attempt to compare the various different possibilities; note that this is not 

the order in which PEGASUS actually pursued alternatives. The sequence 1-2-3-

4-5-6, the depth-first solution, is shown darkened. Notice that the optim&l 

solution (task 21) would have actually required slightly less computing than did 

the depth-first solution. Figure A-4 shows the actual planning sequence used by 

PEGASUS. The numbers near the vectors label the task whose execution 

resumed at this point; the numbers in a straight row indicate the points at 

which new tasks were started. Overlaid on the drawing is a line whose slope 

represen ts the cost of planning. 

PEGASUS eventually stopped planning when the planning resources consumed 

since the emergence of the depth-first solution exceeded the cutoff (U=59 in this 

case). When PEGASUS suspended execution, the tasks were in the following 

states: 

Task Excess U Up, with cost of planning 
number time 

TOP 
0 0 -593.2 -600.2 

SP 
4.0 656.1 652.3 

INST ANTIATE 
2 .6 666.8 663.6 

7 0 666.2 663.2 

8 .4 655.3 649.8 

9 1.7 658.5 652.8 

DOLLARS 

3 0 654.4 649.2 

10 0 652.0 646.7 

11 0 650.8 645.6 

14 0 649.5 644.3 

18 0 644.0 639.8 

24 0 647.2 644.3 

26 0 638.8 635.8 

27 0 665.8 662.9 

FILLIN 

4 .9 663.6 663.6 

12 2.2 663.0 663.0 

13 1.9 661.9 661.9 
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Figure A-2: History of solutions to task 1, as more planning resources' 
are applied. Solutions started tasks 2, 7, 8 and 9. Notice that 
solutions 2 and 7 were generated with a heuristic method, as they 
have slightly lower utility than solution 8, which emerged later. 
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Figure A-3: Overlay of all possible solution trajectories. This plot 
attempts to compare the depth-first path actually taken first (shown 
darker) with other possibilities. Note that the depth-first path 
terminates at a point labeled 6; the optirnum solution is labeled 2'1. An 
enlargement of the center area is also shown. 
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