1DECIDINGWHETHERTOPLANTOREACTA DISSERTATIONSUBMITTED TO THE DEPARTMENT OF COMPUTER SCIENCEAND THE COMMITTEE ON GRADUATE STUDIESOF STANFORD UNIVERSITYIN PARTIAL FULFILLMENT OF THE REQUIREMENTSFOR THE DEGREE OFDOCTOR OF PHILOSOPHYVlad Grigore DabijaDecember 1993

2 � Copyright 1993 by Vlad G. Dabija.All Rights Reserved.

3I certify that I have read this dissertation and that in my opinion it is fully adequate,in scope and quality, as a dissertation for the degree of Doctor of Philosophy.______________________________Barbara Hayes-Roth(Principal Adviser)I certify that I have read this dissertation and that in my opinion it is fully adequate,in scope and quality, as a dissertation for the degree of Doctor of Philosophy.______________________________Jean-Claude Latombe (Co-Adviser)I certify that I have read this dissertation and that in my opinion it is fully adequate,in scope and quality, as a dissertation for the degree of Doctor of Philosophy.______________________________ David M. GabaI certify that I have read this dissertation and that in my opinion it is fully adequate,in scope and quality, as a dissertation for the degree of Doctor of Philosophy.______________________________ Oussama KhatibApproved for the University Committee on Graduate Studies:______________________________ 4 5A b s t r a c t Intelligent agents that operate in real-world real-time environmentshave limited resources. An agent must take these limitations into accountwhen deciding which of two control modes - planning versus reaction - shouldcontrol its behavior in a given situation. The main goal of this thesis is todevelop a framework that allows a resource-bounded agent to decide atplanning time which control mode to adopt for anticipated possible run-timecontingencies. Using our framework, the agent: (a) analyzes a complete(conditional) plan for achieving a particular goal; (b) decides which of theanticipated contingencies require and allow for preparation of reactiveresponses at planning time; and (c) enhances the plan with preparedreactions for critical contingencies, while maintaining the size of the plan,the planning and response times, and the use of all other critical resources ofthe agent within task-specific limits. For a given contingency, the decision toplan or react is based on the characteristics of the contingency, the associatedreactive response, and the situation itself. Contingencies that may occur in thesame situation compete for reactive response preparation because of theagent’s limited resources. The thesis also proposes a knowledge representationformalism to facilitate the acquisition and maintenance of knowledge involvedin this decision process. We also show how the proposed framework can beadapted for the problem of deciding, for a given contingency, whether toprepare a special branch in the conditional plan under development or toleave the contingency for opportunistic treatment at execution time. We makea theoretical analysis of the properties of our framework and thendemonstrate them experimentally. We also show experimentally that thisframework can simulate several different styles of human reactive behaviorsdescribed in the literature and, therefore, can be useful as a basis fordescribing and contrasting such behaviors. Finally we demonstrate that theframework can be applied in a challenging real domain. That is: (a) theknowledge and data needed for the decision making within our frameworkexist and can be acquired from experts, and (b) the behavior of an agent thatuses our framework improves according to response time, reliability andresource utilization criteria.

6A c k n o w l e d g e m e n t s I would like to thank my adviser Barbara Hayes-Roth for her significantsupport and guidance throughout my three years here at Stanford. Throughmany long discussions, Barbara helped me clarify my thoughts. She hasalways challenged my ideas in constructive ways and often providedalternative suggestions and views from different perspectives. Mostsignificantly, she always challenged me to look for more general solutions ormore meaningful results in my research. She taught me important lessons onhow to validate my work and how to present it. I have always appreciatedBarbara’s availability when I needed her advice most; on so many occasionsshe found the time to see and advise me with very little or no notice at all. Lastbut not least, she suggested lots of tips on how I can give my daughter a bettere d u c a t i o n . I would like to thank my co-adviser Jean-Claude Latombe for his advice,both while supervising my research and during the time I was his teachingassistant. His thought-provoking questions and perspective were very helpfulin enlarging the scope of my research. I am indebted to Jean-Claude for thesignificant time pressure he exerted on me to complete my thesis during 1993,without which it could have taken me much more time to complete thisr e s e a r c h . I was very lucky to benefit from the advice and medical expertise ofDave Gaba during my work here. I thank him for his patience and the time hetook to supply me with expert data and to give me his feedback on myexperimental results. In numerous occasions he commented extensively on myideas from his perspective both as an expert in anesthesiology and an expertpilot. His computer science oriented comments were very helpful incrystallizing many ideas of my work.I would like to thank Oussama Khatib for his advice on my work. He haspointed out related problems to my initial ideas, and challenged me to work outsolutions to them.Serdar Uckun has provided me repeatedly with expert data in bothmedical and car driving domains. I have also benefited from numerousdiscussions with him regarding my thesis or parts of it as well as other relatedtopics. I want to thank him for all his time and efforts.I have had innumerable discussions with my office mate David Ash on ahuge variety of subjects, related or not to this thesis. He was always a stepahead of me in completing his Ph.D. program, and has always been a tough actto follow. The fact that we had our oral examinations in the same day wasprobably no coincidence. He has also provided me with a detailed descriptionof his reactive planner model, which I have used in some of my experiments.I would like to thank to all the experts who have helped me with theirexpertise in the domains in which I have conducted my experiments: DavidGaba, Serdar Uckun, David Ash, Alex Brousilovsky, Lee Brownston, Janet

7Murdock, Rich Washington and Michael Wolverton. They have not onlyprovided the domain data needed for the framework, but they have alsoevaluated the system’s performance.My work has also benefited from numerous discussions with: LeeBrownston, John Drakopoulos, Mike Hollander, Philippe Lalanda, Jan EricLarsson, Alex Macalalad, Philippe Morignot, Janet Murdock, Marcel Schoppers,Evangelos Simoudis, Henny Sipma, Rich Washington, Michael Wolverton. Theyhave all contributed on many occasions their comments and advice.I would like to thank Ed Feigenbaum, Rich Fikes and Bob Engelmore forsupporting my work at the Knowledge Systems Laboratory. My thanks also gotowards the administrative team of KSL: Grace Smith, Peche Turner andMichelle Perrie, for a wonderful job which has made any bureaucracy relatedthings unknown to me.Two other groups of people have given me wonderful opportunitiesduring my years at Stanford, and I want to thank them here. Dr. Shogo Nishidaand Dr. Katsuhiko Tsujino gave me the opportunity to spend three wonderfulmonths in their research group at the Mitsubishi Central Research Laboratoryin Japan. Largely due to them, my work there was extremely productive, andmy touristic experience was unforgettable. My visit there was the beginningof a wonderful friendship with them. Prof. G. Schweitzer and NadineTschichold-G�rman gave me a similar opportunity in Switzerland, and I wouldlike to thank them as well.I would also like to thank Ranan Banerji and Val Breazu-Tannen fortheir support and encouragement, as well as their unlimited confidence in myabilities. Their support made this entire endeavor possible.Financial support for my work was provided by ARPA Grant NASA NAG2-581: Intelligent Systems for Science and Engineering Applications.Finally, I would like to thank my parents, Antoaneta and Constantin, fortheir love, sacrifice and support in everything I have ever done, and forencouraging me to pursue my studies. The pride they derived from my workhas given me the strength to complete this thesis. I wish to thank my twoyears old daughter Dominique (born between the theory and the AIcomprehensive exams) for being such a wonderful child and for the beautifulmoments she gave me, which have recharged my batteries many times duringmy work on this thesis. Last but by no means least, I want to thank my bestfriend and wife Tatiana for her infinite patience during the long hours I putinto this work. She gave me the opportunity to begin this work and thensupported me all along the way. She provided me with unlimited love andsupport and the right balance of encouragement and restrain to keep megoing through the most difficult moments. It is to these four wonderful peoplethat I affectionately dedicate this dissertation.

8To: Toni, Puiu, Tatiana and Dominique.

9Table of Contents1. Introduction ............................................................................... 12. The Problem ................................................................................ 112.1. Contingencies ......................................................................... 112.2. Summary of the Problem ................................................. 152.3. Application Domains .......................................................... 202.4. Review of Related Work ................................................... 253. The Approach ............................................................................ 323.1. Intuitive Solution ................................................................ 353.2. Framework for Reaction Decision ... ............................ 403.2.1. Overview of the Framework ............................................ 403.2.2. Situation Space .................................................................. 443.2.3. Criticality Space ................................................................ 483.2.4. Reactive Plan Space .......................................................... 523.2.5. Summary of Framework .................................................. 543.3. Establishing the Value of Reaction ............................... 593.3.1. Expert Model ....................................................................... 603.3.2. Value of Reaction .............................................................. 633.4. The Reaction Decision Making ........................................ 663.4.1. Reactive Planner Model ................................................... 663.4.2. Agent Model ....................................................................... 713.4.3. Deciding Whether to Prepare to React .......................... 723.5 Conditional Planning ........................................................... 783.5.1. Contingencies Revisited .................................................. 793.5.2. Framework for Conditional Planning Decision ........... 853.5.3. Establishing the Conditional Planning Value ............. 893.5.4. Deciding Whether to Plan a Conditional Branch ........ 934. Knowledge Representation Formalism ....................1004.1. Description Languages .......................................................1014.2. Example ...................................................................................1055. Theoretical Analysis .............................................................1135.1. Assumptions ..........................................................................1145.2. Necessity .................................................................................1155.3. Consistency .............................................................................1205.4. Optimality ...............................................................................1256. Demonstrations ........................................................................1286.1. The Driving Domain ............................................................129

106.2 Optimality ...............................................................................1336.3. Behavior Models ..................................................................1396.4. Complex Real World Domain ...........................................1487. Conclusions ..................................................................................1547.1. Summary .................................................................................1547.2 Future Work ...........................................................................155Appendix 1. System Architecture ...................................159Appendix 2. Knowledge Representation in theCar-Driving Domain ..............................162Appendix 3. Anesthesiology Domain Experiments ..................................................173Appendix 4. Intensive Care Domain Experiments ..................................................181References .........................................................................................192

11List of Tables3.1. Set of contingencies for the car driving domain ...................... 366.1. Contingencies for the car driving domain experiments .........1296.2. Data values for the car driving domain experiments ...............1326.3. Criticality values for the "normal" behavior model, for the car driving domain experiments .....................1346.4. Optimality demonstrations results for reactive plannermodel RP1 .............................................................1366.5. Optimality demonstrations results for reactive planner model RP2 .............................................................1366.6. Optimality demonstrations results for reactive planner model RP3 .............................................................1376.7. Optimality demonstrations results for reactive planner model RP4 .............................................................1376.8 Representing Behavior Models ......................................................1416.9 Reactive Behavior Experiments for the Driving Domain...........1436.10. Selected Contingencies for kp = 0.5 (30 seconds) for Explorer (kt = 1.166) ............................................1496.11. Selected Contingencies for kp = 0.5 (30 seconds) forSPARC10 (kt = 1.02) ..............................................1506.12. Selected Contingencies for kp = 0.6 (36 seconds) forExplorer (kt = 1.166) ............................................1516.13. Selected Contingencies for kp = 0.6 (36 seconds) forSPARC10 (kt = 1.02) ..............................................152A3.1. Contingencies for the anesthesia domain experiments ........174A3.2. Data values for the anesthesiology domain experiments ......175A3.3. Criticality values for the "normal" behavior model, for theanesthesiology domain experiments ...............176A3.4 Representing Behavior Models ...................................................177A3.5 Reactive Behavior Experiments for Anesthesiology ...............177A4.1 Contingencies for the ICU domain ..............................................181A4.2. ICU domain contingencies ordered by criticality for Tmin = 0.5 (2 hours) and Lmin = 1 .............183A4.3. ICU domain contingencies ordered by criticality for Tmin = 0.5 (2 hours) and Lmin = 2 .............185A4.4. ICU domain contingencies ordered by criticality for Tmin = 2 (30 minutes) and Lmin = 1 ..........187A4.5. ICU domain contingencies ordered by criticality for Tmin = 12 (5 minutes) and Lmin = 1 ..........189

12L i s t o f I l l u s t r a t i o n s 2.1. Conditional plan ............................................................................... 123.1. Types of plans ................................................................................... 333.2. Overview of the Framework ........................................................... 413.3. The General Framework ................................................................. 433.4. The Situation Space .......................................................................... 473.5 The Criticality Space ......................................................................... 513.6. Reactive Plan Characteristics Space ............................................ 523.7. The Plan-to-React Decision Framework ...................................... 553.8. Functional Relationships for the Plan-to-React Decision Framework .................................................................................. 563.9. Example for the driving domain ................................................... 573.10. Example for the anesthesia domain ............................................ 583.11. The Reaction Decision Making Phase ........................................ 673.12. Two reactive plan models ............................................................. 683.13. Reaction decision making algorithm ......................................... 753.14. Contingency space - linear representation ............................. 813.15. Contingency space - planar representation ............................ 823.16. Contingency space - 3-D surface representation .................... 833.17. Overview of the Conditional Planning Decision Framework . 863.18. General Framework for Conditional Planning Decision ........ 883.19. Establishing the Conditional Planning Value .......................... 923.20. The Conditional Planning Decision Making Phase ................. 943.21. The Conditional Planning Decision Framework ...................... 973.22. Conditional planning examples .................................................. 984.1. Vocabulary for Describing Contingencies in the Driving Domain .........................................................................................1066.1. Situations for the ICU domain ........................................................1487.1. Extended system architecture ........................................................157A1.1 System Architecture and Information Flow .............................160A2.1. Vocabulary for Describing Reactions in the Driving Domain .........................................................................................163A2.2. Vocabulary for Describing Situations in the Driving Domain .........................................................................................165

1C h a p t e r 1 I n t r o d u c t i o n How should an intelligent agent prepare to satisfy a goal, while beingable to respond to the great variety of contingencies that might impede itsachievement of goals? Short answer: through planning. For a morecomprehensive answer, you may want to read this thesis. It may provide youwith a partial answer to this question, but it may also raise many otherq u e s t i o n s . Many AI research resources have already been devoted to findingsolutions to the problem of planning, usually defined as choosing the next stepor steps for the execution of a system, based on knowledge of the presentsituation, the system’s goals, and the operators available. The essence ofplanning in AI is the ability to reason about actions and their effects, andequally important, this reasoning process can take place before the actualexecution starts. Therefore, it must deal with all the uncertainties due to thefact that the actual situation at execution time can only be assumed atplanning time, when many characteristics of the environment either cannotbe taken into account, or simply cannot be known. Many activities inComputer Science can be regarded as instances of planning. One example isprogramming, which requires making decisions (at planning - i.e.programming - time) about actions to be performed later, at programexecution time, based on expectations about the environment in which theywill be executed. A computer program is a formal specification of how theresources of the computer will be applied to solve a given problem. Althoughconventional plans are not synonymous with programs, as also argued in[Drummond, 1989], we briefly use the analogy here for explanatory purposes.The more complex and unpredictable the execution environment is, the morecontingencies can occur during a program execution. The programmer musttherefore prepare the computer to properly respond to as many of thesecontingencies as possible, while still keeping the program within thecomputer resources, that is, it must still be small enough to fit in memory andmust still be fast enough to give an answer in a required amount of time. Thesame situation occurs in all other domains in which planning is required.A special kind of planning is reactive planning, i.e. building a set ofspecific perception-action rules stored in a computationally efficient form[Brooks, 1986; Agre & Chapman, 1987]. From now on, we will call this type ofplanning r e a c t i o n , as opposed to the conventional type of planning which wewill call simply p l a n n i n g or sometimes, to clearly distinguish it from reaction,conditional planning. To continue our parallel with computer programming,interruptions, traps, exceptions, and error treatment routines in a programcan be regarded as reactions. They are executed as response to a large numberof specific situations, and are not necessarily intended to ensure the successful

2normal continuation of the program towards completing its final goal.Sometimes, they are just intended to allow the program to interact gracefullywith the environment or to help the program recover from a critical pointand allow the user to intervene to facilitate the continuation of the program,or maybe to start the execution of another program, or even to write anotherprogram (to r e p l a n ) . All the characteristics discussed so far for computer programmingapply to most domains where planning is needed as a means of ensuringproper behavior of the system, before starting the actual execution of thatsystem to achieve a given goal. Such domains range from "high-level"cognitive, symbolic domains like medical fields (e.g. anesthesiology, intensivecare monitoring), to "low-level" manipulation domains like robot manipulatorcontrol. The common characteristics of all such domains is that their planningtasks can be (at least conceptually) translated into computer programs, andtherefore conform to our previous discussion.The same planning problem can be of very different levels of difficulty,depending on the assumptions made about the environment in which the planis to be executed. For a well structured, "well behaved" environment whichwill not present "surprises" to the executing agent, the planning problem ismuch easier than for a more natural environment. In the latter case, manycontingencies are possible during plan execution. We will call a contingencyany state of the world entered by the executing agent while following a plan,that should not have occurred as a result of executing the plan up to that point.Contingencies are the effect of interactions between the agent and theenvironment; they occur because of: (i) predictable actions of theenvironment, or (ii) the unpredictability of the environment, or (iii) theunpredictability of the execution subsystems of the agent. In the real world,the number and variety of contingencies that can occur during the executionof a plan is unlimited. An ideal planner should take care of all thesecontingencies and build a "universal" plan [Schoppers, 1987] for the agent. Ashas already been shown [Ginsberg, 1989], building such a plan is not feasiblefor interesting application domains, due to practical limitations of the agent’sresources. However, many of these contingencies can be ignored, eitherbecause they do not seriously affect the execution of the plan or because theyhave an extremely low likelihood of occurrence. Some of the remainingcontingencies may have a very high likelihood of occurrence while alsorequiring elaborate subplans to treat them. Therefore, these subplans shouldbe included as conditional branches in the original plan. Other significantlyless likely contingencies may allow for a very short time of response, whilehaving disastrous consequences if the response does not occur in time. Suchcontingencies probably should be treated reactively. These reactions need notlead the agent to the final goal of the initial plan; it is enough if they canstabilize the situation, avoid the consequences of the contingency, and allowthe planner to replan a comprehensive solution from the current situation tothe final goal. Yet other contingencies, not extremely likely and without shortterm dramatic consequences, can be ignored at planning time and left for apossible replanning phase at execution time: when they appear, the agent(which is not under very high time pressure) can suspend execution and takeits time to replan a solution from that situation to the final goal. This mayinvolve either a complete solution or, more frequently, a patch to bring theagent back to one of the states in its original plan from which it can continue

3execution (one such mechanism was implemented by the triangle tables usedin STRIPS [Nilsson, 1984]).From the above discussion we can derive the two basic control modes foran agent that must deal with such contingencies: planning and reaction. Byplanning we will understand here both building a course of action b e f o r e starting its execution and dynamic replanning, i.e. interleaving planningwith execution. Each of these two modes has its advantages in certaincircumstances, and we shall summarize them here. [Hayes-Roth, 1993] presentsa complete discussion of these characteristics.Among the strengths of the planning model is the fact that plans can bebuilt to have a set of desirable global properties regarding the goals to beattained and the resources of the agent. The side effects of the actions to beexecuted as part of the plan can be carefully taken into account and analyzedbefore execution begins. These properties are achieved by taking into accountcomplete descriptions of the states of the world as they are predicted by theplanner. Of course, these states will conform to reality only if theenvironment behaves according to the model that the planner has about it.The more incomplete this model is, the more uncertainty in the behavior ofthe environment, and the more uncertainty about the actual states that will beencountered by the agent during plan execution. The final plan has a highdegree of coherence and is easily comprehensible by a human user (this lastpoint is very important in domains where the entire credibility of the systemdepends on how much a user can understand from the reasoning of thesystem, such as medical domains). The plan generated by a conditional plannerusually makes a close approximation of the optimal usage of the agent’sresources. Finally, the planned actions can be executed promptly at run time(since the agent simply follows a completely specified plan, in which the nextaction is taken according to the plan, maybe after evaluating the results ofsome tests in the case of conditional plans). However, the planning model hasits weaknesses with respect to the real world. The two main disadvantages are:(i) the high computational cost of planning (which makes it necessary tocarefully consider which contingencies should be exhaustively treated in thisway - otherwise the time to build the plan may become prohibitive); and (ii)the inflexibility of the planned behavior - the agent can only act in states ofthe world which are specified in the plan, and its performance will degradevery abruptly with any variations to such states.The reactive model constructs a set of goal-specific perception-actionrules and stores them in a computationally efficient form. The mainadvantages of the reactive model are its flexibility of response to a larger set ofrun-time conditions (since each response is less carefully analyzed than inthe previous case, and the response does not need to embody a completesolution to the final goal but can merely be an action to stabilize the situationand allow the time for replanning) and its short time of response (determinedby the efficient way of storing the reactive plan). On the other hand, reactionstill cannot anticipate, distinguish and store all runtime contingencies. It willtherefore still exhibit precipitous failure in unanticipated conditions. But themain disadvantage of reaction is that it is taken after a superficial evaluationof the current state, and does not benefit from an in depth analysis of this stateand the related action consequences. Therefore, while a reaction may belocally appropriate, its global effectiveness is uncertain.

4The planning and reactive control modes are near the end-points of atheoretical continuum of control modes. Together with two other controlmodes (reflex and dead-reckoning), they form a two-dimensional spacedescribed in [Hayes-Roth, 1993]. Also analyzed there is the correspondencebetween the space of control modes and a two-dimensional space of controlsituations, as well as the effect of combining the control modes in differentdegrees on the quality of run-time behaviors in the corresponding space ofcontrol situations.We believe that planning and reacting complement each other, andtherefore we envision agents that: (a) plan courses of action designed toachieve goals under certain anticipated contingencies - conditional branchesare built in the plan for the very likely contingencies that also requiresignificant planning to reach the goal; (b) augment these plans withcontext-dependent reactions for noticing and responding to less likely, butimportant exogenous events; (c) control their behavior by following theirplans, while simultaneously monitoring for and, when appropriate, executingreactions associated with particular phases of their plans; and (d) revise theirplans when local reactions do not adequately address unanticipated events.However, this complementarity of the planning and reaction controlmodes in intelligent agents is overlooked by many researchers today. Mostplanning research to date has been concentrated either towards just one of thetwo control modes, or when it attempts to combine them, the main purpose is toincrease the reactive capabilities of the agent and to unload the conventionalplanner’s responsibilities. In this latter case, the general assumption is thatreaction comes for free, that is, either the agent’s resources are unlimited orthe reaction process does not use any significant amount of the agent’sresources. Unfortunately, this is not the case in reality: any real agent haslimited resources, and the reaction process may use significant amounts of theagent’s resources. This fact has a couple of consequences: (i) a decrease in thereactive responsiveness of the agent (or equivalently an increase in itsresponse time to a given contingency), which may make some reactionsuseless if they come too late, and (ii) a limitation in the number of reactionsfor which the agent can prepare in a given situation. This means that theagent must be more selective in the types of reaction it prepares for eachsituation, preparing the most important reactions and ignoring the others. Inthe following chapters we define and characterize the value of reactions andidentify those characteristics of the agent and its working environment thatinfluence the response capabilities of the agent to different situations that itmay encounter in its working environment. Based on this analysis, weformulate a framework to decide, at planning time, which control mode tochoose for contingencies that may appear during plan execution, that is, aframework to decide, at planning time, whether a certain situation requiresspecial preparation for a possible reactive response, or whether it can be leftfor dynamic replanning at execution time. The problem is particularlyimportant for planning the activity of an intelligent agent which must workin a dynamic, complex, unpredictable real-time environment.The approach begins with a plan designed to achieve a goal andenhances it to cope reactively with critical contingencies, while maintainingthe size of the plan and the planning and response times within reasonablelimits. The framework can also be modified for the problem of deciding, for a

5given contingency, whether to prepare a special branch in the (conditional)plan or to leave the contingency for opportunistic treatment at execution time.As an example, consider driving a car between two given locations.Before starting, the driving agent plans its route in some detail, includingturns at intersections and expectations of achieving milestones along the way,in order to minimize travel time. It also prepares a conditional branch in itsplan as an alternative route in case the original route is blocked at a certainintersection where blockage is highly probable. This conditional branchrequires extensive planning resources but produces a complete solution thatleads all the way to the final goal. Along the way, the agent in fact encountersunexpected heavy traffic and revises the remainder of its plan to take analternate route. As it follows the revised plan, the agent passes a school, whereit watches carefully for children who might suddenly run into the street. As itleaves the neighborhood of the school and enters an industrial area, the agentf o r g e t s about children and watches for other contingencies (e.g., railwaycrossings, trucks coming out of driveways). Note that the agent, whileexecuting the plan, is prepared to react to certain contingencies at differentstages of the plan, while using dynamic replanning to solve otherc o n t i n g e n c i e s . Given certain conditions (like the time of day, the weather, the type ofroads to be used) the agent prepares in advance for possible contingenciesthat may appear on certain portions of the trip. However, it does not includeexpectations for and responses to these contingencies as steps of the plan,since they are not essential for the plan to be executed successfully. On theother hand, if they happen and are not responded to properly, they maypreclude the successful completion of the plan. Examples of suchcontingencies are: sliding on a slippery road in cold weather, an unsignalledobject in the street during night time, a child running in front of the car froma nearby school, or a traffic jam at rush hours. Note that these contingencieswere qualified by the characteristics of the situation in which they are likelyto appear. For some such contingencies, a reactive response must already existsince the situation does not allow enough time for the agent to replan asolution. There exists an infinite set of such contingencies, so the agentcannot prepare to always react to all of them. Moreover, due to limitedcomputational and non-computational resources, if the agent prepares for toolarge a set of contingencies in a situation, selecting the correct response forthe one that actually occurs may become a too long process, thus renderingthe response ineffective. However, the responses to such contingencies do notneed to include an entire solution to the main plan’s ultimate goal; if the agentresponds to them fast enough to avoid unwanted consequences, then it maytake the time to replan the entire solution from there on. Since thesecontingencies are too many and not very likely, they do not warrant acomplete conditional branch in the initial plan to lead to the final goal.Therefore, we need a decision framework to guide the selection ofcontingencies for which a reactive response should be prepared at planningtime. This need arises in many domains besides car driving (for example, inintensive care monitoring, anesthesiology [DeAnda & Gaba, 1991; Fish & al,1991; Gaba & al, 1991; Gaba 1991], nuclear power plant operation [Woods & al.,1987]). Formulating this framework is an important step toward building thecontrol engine of real-time intelligent agents with limited resources for such

6domains. The formulation and evaluation (theoretical and experimental) ofsuch a framework is the topic of this research.In the following chapter, we outline the problem in more precise terms.We define the notion of contingency and classify contingencies into typesaccording to their importance and the way they should be treated by the agent(with conditional plans, with reactions, or simply ignored at planning timeand left for dynamic replanning if necessary). We also characterize thedomains where the framework developed here will be most applicable. Finallya review of related work points out similarities with other paradigms.Chapter 3 presents the basic approach. After giving an intuitivesolution for a simple problem in the driving domain and analyzing thissolution, we present the details of the framework for the reaction preparationdecision. We show how it can be used to establish the value of reacting to acontingency in a given situation and to make the decision of whether to planto react to that contingency. The chapter closes with a discussion of how thisframework may be modified and applied to decide whether a certaincontingency, in a given situation, requires preparation of a complete branchin the initial conditional plan.Chapter 4 discusses a proposal for a knowledge representationformalism for contingencies, reactions and situations, to facilitate thestructuring of the planner’s knowledge and its manipulation.Chapter 5 presents a theoretical analysis of the framework presented inchapter 3 for deciding whether to plan to react to a given contingency in agiven situation. A few formal properties are stated and justified, to supportclaims of generality and optimality (in terms of using the agent’s resources)for the proposed formalism.Experimental demonstrations are then presented and briefly analyzedin chapter 6. Three domains were used for this purpose: an everyday domainwhere everyone is an "expert" (car driving) and two highly specializedmedical domains of expertise (anesthesiology and intensive care monitoring).Results include simulations of several models of human reactive behaviordiscussed in the literature. A demonstration in a complex, real-worldapplication domain shows: (1) that the knowledge and data needed for thedecision making process exists and can be acquired from experts in thatdomain; and (2) that the behavior of the agent improves (according toresponse time, reliability and resource use criteria) as a result ofincorporating our decision framework in the agent’s planning mechanisms.After summarizing our work, we make in chapter 7 a few suggestions ofnatural continuations of this research, including applications of case basedreasoning techniques for managing a library of reactive plans and a libraryof contingencies and reactions, and several applications of learningmechanisms to different parts of our framework.Appendix 1 briefly presents the architecture of the reaction decisionmodule and the interface for integrating the module in an intelligent agent.Appendix 2 completes the vocabulary example started in chapter 4 forthe driving domain. It presents a large enough grammar to represent most ofthe situations, contingencies and reactions used as examples from this domainthroughout the thesis.In appendix 3 we present the results of a number of experiments wehave conducted in the anesthesiology domain, in order to provide further

7evidence regarding the generality and applicability of our framework inreal-world domains.Finally, appendix 4 complements the presentation of intensive caremonitoring domain experiments in chapter 6, by presenting a few completesets of contingencies as they were ranked by our framework.

1C h a p t e r 2 T h e P r o b l e m In this chapter, we outline the problem in more precise terms. Wedefine the notion of contingency and classify contingencies into three typesaccording to their importance and the way they should be treated by the agent(with conditional plans, with reactions, or simply ignored at planning timeand left for dynamic replanning if necessary). We also give a characterizationof the domains where the framework developed here will be best applicableand what its limitations are. Finally a review of related work points outsimilarities with other planning paradigms.2 . 1 . C o n t i n g e n c i e s Let us consider first a more detailed version of the example presented inthe previous chapter. Suppose the agent commutes each morning by car fromhome (starting point S) to the office (final goal G), as shown in figure 2.1. Wewill limit ourselves to the study of a small segment of the car’s route betweenpoints A and E. Suppose the route comes to an intersection with a traffic light(point B). The fastest route between B and E is through C, which is the routethe agent normally takes if the traffic light at point B is green. However, thedriving agent knows that, if this traffic light is red, then many other trafficlights between B and E through C will be red when the car will reach them,thus making the journey very slow. In the same time, the agent knows that if,at point B, it will take a right turn and go through point D, then it can reachpoint E (and therefore the goal G) much faster.SABCEGDFigure 2.1. Conditional planThe fact (and its associated state of the world) that the traffic light is redwhen the agent reaches the intersection at point B is a contingency, since it isnot a result of the execution of the plan. In this case, the agent prepares acomplete branch in the conditional plan to treat this contingency.Suppose now that the point A in the plan built by the agent is a schoolin front of which the agent passes with its car. If the commute takes place at atime when children are at school, or go to school, the agent prepares to watchcarefully for children who might suddenly run into the street. It also knowsthat in front of a school, a ball may suddenly pop up in front of the car. Theseand many other contingencies (some more of which will be considered in thedemonstrations described later on) may appear during the time when the car

2is in the school zone A. As it leaves the neighborhood of the school and entersanother area (e.g. an industrial area), the agent forgets about children andballs and prepares for other contingencies (e.g. railway crossings, truckscoming out of driveways, etc.).Let us consider for a moment the following three contingencies whichappeared in the previous example: the traffic light at point B, the childrunning into the street in front of the car, and the ball popping up in front ofthe car1 . The common characteristic of these three contingencies is that theyare not generated as a result of the execution of the plan. We define ac o n t i n g e n c y to be any state of the world entered by the executing agent whilefollowing a plan, which is not: (i) a direct consequence of executing theactions of the plan up to that point, or (ii) an exogenously generated state ofthe world assumed in the design of the plan. Therefore, a contingency does notnecessarily affect the agent or the plan execution, and when a contingencydoes affect the plan, it is not necessary that it will negatively affect it. Forexample, a contingency may be a state which is not the current expected stateaccording to the plan execution, but is a state which should have been reachedalong the way, after executing some more steps of the plan. The agent maydetect it and use it to skip the unnecessary steps in the plan, for example in thesame way as it was done with triangle tables in [Nilsson, 1984]. To simplify theexposition, from here on we will use the term c o n t i n g e n c y to also mean anyfact or sign that was not expected as a result of the plan execution, and whichmay indicate that a state is a contingency according to the previous definition.The three contingencies presented above are very different in nature,and will be treated differently by our agent. The traffic light contingency mayhappen very often (the actual probability to encounter a red signal is givenby the length of time the signal is green divided by the length of time it takesthe signal to complete an entire cycle, provided that the signal is notcorrelated with another signal previously encountered by the car and that thesignal behaves independently of the amount of traffic that passes through it;for a two-way signal equally divided between the two directions of traffic, thisprobability is almost 0.5, though somewhat less because of the color yellow). Itslikelihood of occurrence is significantly (one or more orders of magnitude)higher than that of the other two contingencies. The treatment of thiscontingency (by following an alternate route through point D to reach point Eand then the goal G) also needs an elaborate plan which must be prepared inadvance (otherwise, after turning right at the traffic light, the agent muststop and replan its route by possibly using maps, which may take a longenough time to wipe out any savings obtained by avoiding the traffic lights onthe path through C). Therefore, the agent must prepare a conditional branchin the main plan for this contingency. This will use significant planningresources, but will have all the advantages associated with the planningcontrol model discussed in the previous chapter.The contingency defined by the child running in front of the car ismuch less likely to happen than encountering a red traffic light, even whendriving in front of the school. This contingency has also a much higheruncertainty about when and where it can occur. Thirdly, the plan to treat thiscontingency is much simpler (it is usually enough to brake and maybe to steerto the right, depending on the distance to the child); after taking thecorrective action and avoiding the collision, the situation does not present anymore dangers, so the agent can take its time to replan a course of action that

3will get it from the new state to the goal (this may be as simple as restartingthe car, or as elaborate as finding an alternative means of transportation ifthe car was damaged by hitting a pole on the side of the road while avoidingthe child). While the critical situation was avoided by a simple plan, the stateobtained after its execution is unknown and may belong to a large set of verydifferent states. Therefore, a comprehensive conditional plan to exhaustivelytreat all these states and preplan the agent’s execution from them to the initialgoal G may be prohibitive. The practical alternative is to treat suchcontingencies in a reactive manner, by attaching simple reactive plans tothose points in the main plan where such contingencies may occur. After thereaction will yield a non-dangerous state for the agent, it can take its time todynamically replan for a complete solution.The third contingency stated before - the ball popping up in front ofthe car when driving along a school - is a little more probable than the childrunning in front of the car, but the likelihoods of the two contingencies areroughly of the same order of magnitude. However, in this third case, theconsequences of hitting a ball with a car (especially with a relatively slowmoving car in the vicinity of a known school) are significantly smaller thanin the child case. Moreover, the side effects of making a dangerous maneuverto avoid the ball may outweigh by far the consequences of hitting the ball.Therefore, for such a contingency, the agent is much better off if it ignores itat planning time, thus conserving its limited resources for other moreimportant contingencies.To summarize the discussion in this section, we have identified theretypes of contingencies that may appear during the execution of a plan. Theyare classified according to the action taken by the agent at planning time toprepare for their occurrence at execution time. These types of contingenciesa r e : ( i ) contingencies for which the planner builds complete conditionalbranches, from the contingency state to the goal state, in the main plan;( i i ) contingencies for which the agent prepares reactive responses; theyare combined into reactive plans by a reactive planner, and areattached to appropriate segments of the complete plan provided by theconditional planner;(iii) contingencies ignored by the agent at planning time, either becausetheir treatments can be left for dynamic replanning when they areencountered at execution time, or because they are considered lessimportant than the contingencies included in the previous twocategories, and the agent simply does not have the resources to preparea reaction (much less a complete branch in the plan) for them.The justification for this classification is mainly related to the limitedresources that a real agent can use. For a few contingencies, the agent cangenerate complete plans and combine them in a conditional plan. However,the agent’s limited planning and execution resources do not allow for too manycontingencies to be treated this way. Still, the agent can prepare at planningtime reactive responses for a larger set of contingencies; these responses willnot ensure full solutions to the goal state, but they will give the agent thepossibility to dynamically replan its actions at execution time. But in no casecan a real agent with limited resources prepare for all possible contingenciesin a real world application domain. Many of these contingencies must beignored at planning time. The problem addressed in this thesis is how to decide

4which contingencies to select for preparation of reactive responses, andwhich to ignore at planning time.2.2. Summary of the ProblemThe example problem outlined in the previous section highlights manyaspects of the general problem with which we are concerned. We shall definehere this problem more precisely, and then we will propose a solution for it inthe next chapter.In all our previous discussion we have referred to reaction planning asa conscious form of preparing condition-action behavior. That is, the agentconsciously prepares, before starting the actual execution, a set ofperception-action rules for a certain segment of the plan. They are to beexecuted by high level execution mechanisms of the agent similar to those thatexecute the main plan, and are not intended for execution by a "lower level",higher priority execution mechanism which may be part of the agentarchitecture (like the one proposed by [Brooks, 1986; Kaelbling, 1987]).Actually, the agent will resort to a reaction to a contingency only if it has noconditional branch in the plan at that stage during the execution, and willconsciously take the decision to try to use reaction in that situation. This doesnot mean that we specifically prohibit in our agent architectures any lowerlevel execution mechanisms which have the ability to react faster and withhigher priority to certain contingencies. It only means that we are notconcerned with such precognitive types of reaction (e.g. locomotion typereactions like avoiding obstacles by a moving robot). We are only concernedhere with contingencies to which such reaction mechanisms cannot respond.On the other hand, if the agent architecture does not include such low levelreaction mechanisms, then the contingencies to be treated by them may jointhe set of contingencies which are analyzed by the higher level cognitivemechanisms of the agent using the framework proposed in this work.Since we will talk more in the following section about thecharacteristics of the domains in which this work is best applicable, We willsimply say here that we are particularly interested in planning the activity ofan intelligent agent with limited resources and multiple goals working in adynamic, unpredictable, real-time environment. The agent must itself act inreal-time, i.e. be �predictably fast enough for use by the process beingserviced� [Marsh & Greenwood, 1986]. In order to behave properly, the agentmust plan its actions ahead of time, and then monitor the plan execution andbe prepared to respond to contingencies that may appear during thisexecution. This emphasizes two orthogonal qualities that the agent mustexhibit: sensitivity to run-time contingencies and commitment to specificgoal-oriented actions. Such behavior can be accomplished by combining thetwo fundamental control modes mentioned before: planning and reacting.As will be shown in section 2.4, most research to date is concernedeither with employing only one of these control modes, or simply attempts toturn a system to become increasingly reactive and rely as little as possible onplanning. These works concentrate mainly on how to prepare reactiveresponses and tend to use them in such a way as to substitute regularplanning. Our approach differs from these others in its recognition of thecomplementary strengths and weaknesses of the two modes, and in its fullintegration of planning and reacting within a single agent.

5Our premise is that, whenever time and other resources allow, adynamically planned response is never worse (and usually better) inresponding to a contingency than a reactive response2 previously preparedfor it. There are several reasons for this assumption: (i) the replannedresponse is generated at execution time when more information is available, asopposed to planning time, when the reaction is prepared; (ii) whenreplanning, an agent has time to analyze all the relevant information and tosearch for the best available solution by planning a complete solution path tothe goal, while in order to react, the agent may have only a few alternatives(in the reactive plan) to choose from and only a few tests to decide on theresponse, which must therefore be taken based on incomplete informationobtained from an incomplete analysis of the current situation; (iii) if time is solimited that it cannot even perform all these tests, the agent may have to take amore general action hoping to improve the situation at least temporarily andto buy more time to look for a better solution. The reason we need to usereaction is that the replanned solution may be found too late and therefore beof no more use at the time it can be taken. Thus, we assume that the importanceof regular planning makes it irreplaceable (due to the vast diversity ofsituations in real-world environments), but the agent’s real-time performancecan be significantly improved by preparing reactive responses for a limitednumber of critical contingencies that may be foreseen to appear duringexecution of the plan already built to achieve the main goal.By not including enough contingencies for reactive treatment, theperformance of the agent will be suboptimal. On the other hand, by includingtoo many such contingencies, the reactive response time becomes too slow,thus degrading the system performance once again.Unless otherwise stated, we assume that, given a contingency, the agentknows of an action (maybe a small sequence of elementary actions) which, ifapplied reactively, either solves the problem generated by the contingency, orat least postpones its deadline long enough to allow for replanning of theentire solution.The main issue for us then is to enable the agent, for each phase of themain plan, to select the right set of contingencies for which to preparereactions. That is, our p r o b l e m is to specify a decision framework which:m given:l an intelligent agent with:G capabilities:F planning and dynamically replanningF monitoringF reactive behaviorG constraints:F limited resourcesF real-time performancel a (possibly conditional) plan by which the agent can achieve itscurrent goall a set of contingencies known to possibly appear at certain timesduring the plan execution, each with:G reactive responses associated with themG known characteristics associated with each such contingency (e.g.gravity of consequences, time deadlines) and with their reactions(e.g. resource requirements)

6m e n a b l e the agent to decide at planning time on how to select a "rational"s u b s e t of these contingencies (according to a desired behavior pattern)for which the reactive responses should be attached to the main plan(while preserving the real-time responsiveness of the agent to all thesecontingencies, given its limited resources).We have used the word "rational" in the previous definition, and itneeds some disambiguation. A behavior of the agent in a given situation isdefined by the order in which the agent classifies the set of contingencies forthat situation, according to the value of reacting to them. For the samesituation and set of contingencies, there are different behaviors that the agentmay exhibit. Some of these behaviors may either not be suitable for thatsituation, or may even be considered abnormal, hazardous or evenpathological. But there is at least one such behavior which is consideredappropriate or normal for that situation, by the experts in the domain. It iseven possible that there are several different behaviors that may beconsidered appropriate in a given situation. Each behavior is appropriateaccording to a behavior model, and in the literature there have been defined anumber of such reactive behavior types for domains in which critical andstressful situations are common and very dangerous like aircraft flying [FAA,1991], nuclear power plant management [Woods & al., 1987] or anesthesia [Gaba& al., 1991]. In most of the thesis we will refer to what is considered to be the"normal" behavior by experts in each domain from which we draw ourexamples. However, in section 6.3, we will discuss some other types ofbehaviors and how they can be translated and simulated with our framework.One problem related to the one we stated before is conditional planning.As discussed before, there are three courses of action that an agent can take toprepare a response to a possible contingency: plan a conditional branch, plana reactive behavior, or ignore the contingency at planning time. Our analysiswill focus on how to decide whether to prepare a reactive response to acontingency, but the general framework which will be developed for thispurpose is also applicable (with certain modifications) to the problem ofdeciding whether to prepare an entire conditional branch in the main planfor a possible contingency. In section 3.5 we will briefly discuss what are thechanges that must be made to our formalism so that it can also be used to decidewhich is the set of contingencies for which conditional branches should beplanned. However, in the rest of the thesis, we will assume that the agent hasalready built the complete conditional plan, and is only trying to augment itwith reactive responses to as many contingencies as possible being limited byits finite resources.The selection criteria which we are looking for are much more complexthan any utility measures (e.g., [Minton, 1990]) proposed so far. For example,in our approach, some of the contingencies associated with a situation mayappear in practice with a very low probability, but they may be very critical ifthey occur, and thus are worth preparing for reactively and are also worthbeing remembered. This is in contrast with most of the research to date, whichis mainly concerned with improving the systems’ performance by cachinginto reactive plans the responses to the most frequently occurringc o n t i n g e n c i e s . But before reviewing the previous research in this domain, let usattempt to characterize first the domains in which the problem stated here issignificant and where our solution framework is applicable.

72.3. Application DomainsMuch of the planning work to date has concentrated on applications inartificial domains. Such domains are well-structured and well-defined by thesystem designer, which usually means that the entire set of possiblecontingencies is known in advance, and that this set is of a manageable size.The main implication of this is that the resource limitations of the agent canbe ignored (particularly at execution time) with respect to the size of the plan,whether the main control mode employed is conditional planning or reactiveplanning, that is, we can always assume that we have a powerful enough agentto be able to respond in time to any of the contingencies that it knows about.This is clearly an artificial assumption which drastically simplifies theplanning problem and limits the applicability of the solutions proposed.By contrast, we are interested here in applying the planning paradigmsto real-world domains and to allow the agent to operate in real-world (albeitclosed and limited for practical purposes) domains. The main characteristic ofsuch a domain and the agents operating in them is r e a l - t i m e defined by[Marsh and Greenwood, 1986] as �predictably fast enough for use by theprocess being serviced�. This means that the agent must be guaranteed torespond, at execution time, in a prespecified time limit to any contingency forwhich it has prepared a response at planning time. However, if an agent withlimited resources prepares to respond to too many contingencies in a certainsituation, than it may not be able to guarantee a timely response to the mosttime-pressured of these contingencies: e.g. it make take too long for the agentto discriminate among the possible contingencies for which it is prepared toreact, from the time it detects a contingency and until it has to take thecorrective action. An example of an interesting domain for our framework isthe car driving domain, which will be used for exemplification throughoutmost of the thesis. If a child appears in front of the car at small distance, thereis very little time for the agent to discriminate among the contingencies forwhich it is prepared to react in that situation and to decide what kind ofcontingency this is and how to react to it. For an agent with limitedcomputational resources it may be therefore better not to prepare to react inthe same situation for a much less critical contingency like a ball coming infront of the car, or a sudden loss in the radio signal, and so on.These observations are valid in real-life domains because another oftheir characteristics: they are very large, both in the number and variety ofcontingencies that may appear (which has been noticed a long time ago in[McCarthy, 1977] when describing the qualification problem), and in thevariety of corrective actions that may apply. Each corrective action applicableto a certain contingency may be better suited in some situation than inanother one. Therefore, we will always consider pairs contingency-situationassociated with each situation in which that contingency may arise and inwhich that response is the best to this contingency. For well-structured(usually artificial) or very limited domains where the number ofcontingencies and responses is limited, the framework described in this thesisis not necessary, since it is conceptually possible to use a more powerful agentwhich can take care of all the contingencies in each situation. As seen before, real-world environments are usually u n p r e d i c t a b l e ,that is contingencies may occur at any time, or at least u n c e r t a i n in that theeffects of actions and the actual state of the world after the execution of a plan

8step cannot be foreseen with utmost precision. Such domains are also usuallyd y n a m i c in the sense that the state of the world may change without theparticipation of our agent, for example, as a result of actions of other -cooperative or antagonistic - independent agents working in the sameenvironment (e.g. there are other agents driving cars on the same streets asour agent and their paths may intersect3 ). In real domains some contingenciestend to appear associated with certain plan steps or situations and thelikelihood of their appearance may be different for different situations, whileothers can appear at any time with the same likelihood. For example, it isalways possible for a child to run into the street, or for a meteor to fall into thestreet or for the car to fall to pieces, but it is impractical for the agent to be onthe lookout for all of these possible events all the time. Real-world domainsalso present a huge variety of situations. In each situation differentcontingencies can happen, and the same contingency may be vieweddifferently in different situations. In certain situations, some contingenciesare more likely or more important than others. If the agent has to drive thecar on a mountain road in winter, it should expect bumps or damaged portionsof the road, or slippery roads, instead of, say, traffic lights. The agent shouldprepare for yet another set of possible contingencies in the case of driving onfreeways. Also, the most effective responses associated with a contingencywhich may appear in different situations may be situation dependent. Theagent should therefore be able to selectively prepare itself for the mostcritical contingencies in each possible situation along a prepared plan.We should also note that some of the contingencies associated with asituation may appear with a very low probability, but they may be verycritical if they occur, and thus are worth preparing for. This is in contrastwith most of the literature to date, since most authors are mainly concernedwith improving their systems’ performance by caching the most frequentlyused plans.We also assume that short plans (a single action or a small sequence ofactions), if applied reactively, are usually enough to either solve the problemgenerated by the contingency, or at least to postpone its deadline long enoughto give the planner the time needed to dynamically replan the entire solutionunder the new circumstances.Most real domains which have the features described above are usuallycharacterized as high level, knowledge intensive domains. Examples of suchdomains are some medical domains (e.g. intensive care monitoring,anesthesia), nuclear power plant operation, aircraft flying, car driving and soon. These are contingency-intensive domains, in which many contingenciescan appear and in which some of these contingencies are very time-criticaland / or with very high consequences, even if they do not appear with veryhigh frequency. Although these domains also require (some more thanothers) significant skill development (by skill we mean here automatic,low-level, unconscious reflexes to certain contingencies), their maincharacteristic is that the process of planning and responding to contingenciesis knowledge-intensive and thus uses significant high-level cognitiveresources of the agent. Our framework can be in principle applied to anydomain, but its value and effectiveness can be questioned for very wellstructured, artificial domains (like the blocks world) and for low-level, skillintensive domains (or such tasks in higher-level domains), like locomotiontasks (e.g. reflex obstacle avoidance) or fine-motion robot manipulation tasks

9(e.g. the peg-in-the-hole insertion problem), in which the number anddiversity of contingencies is limited and well-known in advance. Even for such limited but real domains, we can argue that ourframework can be applicable as long as the resources of the agent involvedare not powerful enough to completely remove the uncertainty in the domain.An example of such a domain is robot motion planning. The main problemhere is the uncertainty, at execution time, in the position and orientation ofthe parts and of the robot (e.g., a manipulator) in the workspace. A class ofplanning methods developed for this problem deal with such uncertainty in asecond phase of planning; in the first phase, plan skeletons and localstrategies are produced, using path planning methods which assume zerouncertainty (i.e. no contingencies) [Latombe & al., 1991]. Then differentmethods are used to deal with contingencies generated by the aforementioneduncertainties. For example, SPAR [Hutchinson and Kak, 1990] adds verificationand local recovery plans to reduce uncertainty and to prepare for possiblefailures. Similarly to the reactions used in our framework, these localrecovery plans are only single, special-purpose actions (which may beentered by the user) and are associated with uncertainty-reduction goals apriori. An inductive learning technique is used by [Dufay and Latombe, 1984]:a trainer module generates patches to be inserted in the ground plan. Theseare local strategies refining the ground plan, similar to our reactive plansattached to the main plan (e.g. rotate a card to insert it into a slot). The systemfurther provides for the graceful degradation of its performance by allowingfor entering rules on line if everything else fails. However, the most commontechnique for dealing with uncertainty-generated contingencies in thisdomain is skeleton refining [Lozano-Perez, 1976; Taylor, 1976]. A skeleton plan(or assembly description) appropriate to the task at hand is retrieved as initialplan and then iteratively modified by inserting complements (e.g. sensorreadings) during a feedback planning or plan checking phase. Themodification of assembly strategies to fit particular geometric environmentsresults in building conditional plans. Then strategies are examined for likelyfailures and the planner generates tests (monitoring actions) and insertscorrective actions (which are either conditional branches, or reactive plans -e.g. if the robot manipulator is on the verge of overturning a workpiece bypushing it with a peg, then retract the hand a little to stabilize the situationand then replan the action). If the plan contains many such reactions to toomany contingencies for the same situation, the agent may become too slow torespond to some of the most time-critical of these contingencies. The solutionis to use the framework developed here to choose among these contingencies.Further refinements of the plan-skeleton paradigm include symbolicalcomputations of the effects of uncertainties [Brooks, 1982] to identify and treatthe most significant ones by making inferences about uncertainties and usingthem in computations, as well as using formal program proving techniques todeal with these uncertainties [Pertin-Troccaz and Puget, 1987]. All thisdiscussion shows that, even if the robot manipulator programming domain isnot, as a whole, a high-level knowledge intensive domain (in the sense definedbefore), the formalism presented here can still be applied if the set ofuncertainty-related contingencies becomes too large and if their treatmentrequires conscious actions (as opposed to just locomotive reflexes).Besides the domain characteristics, the agent’s capabilities are alsoimportant in this discussion. If we have an ideal agent with unlimited

10resources and unlimited speed of computation, then the entire formalism maybecome useless, even in the real-world, high-level domains presented before.However, if we are again interested in the real world, then it is only natural toassume that the agent has limited resources and that the number ofcontingencies for which it has to prepare exceed both its conditional planningcapabilities, and its real-time execution capabilities. In such cases, the domainexerts time pressure on the agent’s limited resources. Therefore, the agentneeds to be able to decide which contingencies to prepare treatment for andwhich to ignore at planning time. These are the types of agents and domainsfor which the framework developed here is useful.2.4. Related WorkWe make here a brief review of other work that is relevant to theproblem of how to combine planning and reaction to achieve the bestperformance of the agent in a particular environment. The purpose of thissection is to place our work in the global context of related research and tooutline its original contributions.Planning (describing a set of actions expected to allow the agent toachieve a given goal) has been a central problem in AI since its verybeginnings [McCarthy, 1958]. The techniques proposed have evolvedconsiderably, and so have the application domains. We classify thesetechniques into several classes, according to the ways they combine the twofundamental control modes described before: conditional planning (also calledhere classical planning or simply p l a n n i n g ) and reactive planning (alsosimply called reaction). These classes are:( i ) purely conditional planning techniques( i i ) purely reactive techniques( i i i ) static combinations of planning and reaction( i v ) techniques to shift from planning to reaction( v ) techniques to decide at execution time whether to (re)act or tocontinue the replanning process( v i ) techniques to decide at planning time which contingencies toprepare reactions forA lot of early planning work has been conducted towards specifyingrobust techniques for conditional planning. The systems produced (e.g. STRIPS[Fikes and Nilsson, 1971], NOAH [Sacerdoti, 1975], MOLGEN [Stefik, 1981], TWEAK,[Chapman, 1987] to almost randomly name just a very tiny subset since anexhaustive summary would be well beyond the scope of this section) were ableto solve increasingly complex problems. Although some of them had facilitiesfor monitoring their plans execution and responding to some contingencies(e.g. PLANEX for STRIPS [Fikes & al., 1972]), these facilities were very limitedand worked only in well-structured domains, based on the existence of a statematching the contingency in the original conditional plan. More flexibilityand higher response speed was needed to build systems for real-world tasks.The need for reactivity to the dynamic aspects of the environment wasaddressed by building systems which operate on a perception-action basiswithout relying on an abstract representation of the environment [Brooks,1991]. Horizontal layer decomposed systems [Brooks, 1986; Kaelbling, 1987]included such reactions while still being able to pursue high-level goals, buttheir reactions were limited to the types of locomotive, low-level precognitive

11reactions which we described earlier and which do not make the object of ourw o r k . Realizing full reactive behavior (reaction plan planning) has beenproposed through universal plans [Schoppers, 1987] which are exhaustiveconditional plans, and therefore are prohibitively expensive to produce forany reasonably complex domain [Ginsberg, 1989]. Situated Control Rules[Drummond, 1989] are used for situation-based plan indexing, to reduce thenon-deterministic choice in the case of plan nets. They may be used as anincomplete alternative to universal plans, in those cases when there is notenough time to build the entire universal plan. An incomplete universal planmay not contain any answer to a problem, while missing situated control rulesd o n o t n e c e s s a r y p r e c l u d e a s o l u t i o n ( w h i c h m a y b e f o u n d nondeterministically); they only ensure a solution when they are specified.This approach maximizes the use of planning time and takes into accountplanning resource limitations, but without taking into account any executiontime limitations of the agent.Pengi [Agre and Chapman, 1987] is a purely reactive planning systemwhich uses sensory input to index structures for possible subsequent actions.However, Pengi cannot completely represent most real situations due to theiruncertainty and the limited information available about other agents andprocesses.Due to the shortcomings of pure reactive systems, researchers havesubsequently concentrated on integrating planning with high-level reaction.[Firby, 1987] uses Reactive Action Packages like stored reactive plans tointegrate planning and reactive responses. However, reactive planning isused without time considerations, while we allow the agent to try todynamically replan its course of action if there is enough time to do it, andonly prepare to react to critical events. [Hendler & Agrawala, 1990] implementreactive planning systems on a guaranteed scheduling, real-time operatingsystem using the Dynamic Reaction model: an agent performs an activity untileither its goals lead it to select some new action, or some event in the worldforces it to react, thus integrating planning and reaction in a complexenvironment. [Georgeff & Lanski, 1987; Georgeff, 1989] propose anarchitecture (the Procedural Reasoning System) that is both highly reactiveand goal directed. They store (reactive) plans, called Knowledge Areas, inprocedural form, supplied in advance. [Cohen & al., 1989] monitor theexecution of the Phoenix agents’ plans and use three mechanisms forhandling unexpected events: low level reflexes to stabilize the situation, errorrecovery and replanning implemented as high level cognitive actions, andenvelopes as a general monitoring mechanism. The agent always prepares forthe same fixed set of reactions, without considering the characteristics of theplan or of the situations that might be encountered during its execution. Thesesystems have limited flexibility since the set of reactions is limited, always thesame, and always available in its entirety to the execution components.Hardware implementations of reactive plans into agents whose actionsare guided by overall goals have been proposed in [Nilsson, 1988; 1992].Continuous actions are modeled using T-R trees (teleo-reactive, i.e. bothgoal-directed and ever-responsive) to build a reactive program whoseexecution produces circuits to control the agent’s actions. Selective reactionswould be very important here because of the various costs associated withhardware implementations.

12The next step on the research path towards agents with better responseperformance was to devise techniques which shift some of the system’sactivities from planning to reaction, with the aim of producing increasinglyreactive agents. [Mitchell, 1990] combines reactive (stimulus-response) andsearch-based architectures to control autonomous agents. Explanation-basedlearning techniques [Mitchell & al., 1986] are used to extract rules(condition-action pairs) from plans to make the Theo-Agent increasinglyreactive by learning plans into reactions: the agent first tries to react, then toplan. Scaling issues for the approach are briefly mentioned, and a solution isproposed based on selective learning invocation using a utility functionsimilar to the one suggested in [Minton, 1990]. However, as we mentionedbefore, there are too many characteristics of the situations and contingenciesas well as of the agent (planning and execution modules) which are not takeninto account by this utility function. This fact is even more important sincerules are tested in sequence for reaction, which yields a high cost of reactionat execution. [Martin & Allen, 1990] propose a two-level architectureconsisting of a strategic planner (generating high-level goal descriptions)which sends commands to a reactive system which must fill in the details. Theyuse statistics to constrain the probability that the execution module canaccomplish a particular task. Reactive behaviors are learned selectively, usingstatistical estimates on the utility of these actions versus the utility of theircomponents. But once learned, the reactions are always available to theexecution system. Soar [Laird & Rosenbloom, 1990] also provides a combinationof reactive execution and planning seen as essential behaviors of anautonomous intelligent agent. Plans are learned into reactions usingchunking, and afterwards all reactive plans learned are always available tothe executor. The authors express their concern that after learning too manysuch reactions, the responsiveness of the system may be significantly reduced,but do not attempt to address this problem.These works concentrate mainly on how to prepare reactive responsesand tend to use them in such a way as to substitute regular planning. Ourapproach differs from these others in its recognition of the complementarystrengths and weaknesses of the two modes, and in its full integration ofplanning and reacting within a single agent. A recurring, unaddressedproblem in these works is the value (utility) of reaction. While we believe thatlearning such reactions is very useful in real domains, we also believe thatthis utility problem should be addressed at planning time, and not (only) atlearning time. The work described in this thesis is aimed precisely towards thisgoal. In the next chapter, we will define a framework to select only therelevant events associated with a given situation. Reactions to them areincorporated into stored reactive plans, depending on several factors such asevent criticality, reaction time allowed and exhibited, load of the agent�sreasoning capabilities and other resources, and reactive plan size, as well ason the desired behavior pattern for the agent. Our main problem is to decidewhich contingencies to prepare reactive responses for, in each situation. Thisis in contrast with most of the research cited above, where the authors areconcerned mainly with improving their systems’ performance by trying toreact (and maybe cache) the most frequently used plans. Our selection criteriawill necessarily be much more complex than the utility measures proposed sof a r .

13However, the utility of reacting versus planning can also be, and haslately already been, addressed at execution time. [Horvitz, 1989] develops adecision theoretic framework to reason about the value of continuing toreflect about a problem vs. taking an action to try to solve it, at execution time,using the expected value of computation (EVC) as fundamental measure. Heattempts to optimize behavior under resource constraints by integratingreaction with deliberative reasoning (replanning). However, he ignores theoverhead of retrieval of a reaction and the computation time while taking intoaccount only limited other resource constraints (e.g. memory cost) which maynot be the most relevant ones for real-world agents. He also assumes allreactions are always available and only attempts to decide, at execution time,whether to react or to replan, and is not concerned with such decisions atplanning time (clearly, some contingencies do not allow time for suchmetalevel deliberations at run-time, before taking an action to respond tothem). [Yamada, 1992] uses the notion of success probability to determine thebest time until which dynamic replanning may continue and when executionof the action should actually start. Again, the computation is done at executiont i m e . The sixth category of techniques which we have identified at thebeginning of this section involves methods to decide, at planning time, onwhich contingencies to select for preparation of reactive responses in theplan, and which to ignore and leave for dynamic replanning at execution timeif such a contingency will arise. The problem is occasionally mentioned in theliterature, but without being analyzed in detail and especially withoutproposing any solutions to it. While discussing the CIRCA system, [Musliner et.al., 1994] make the most comprehensive presentation of the problem that wewere able to find. They recognize the limitations that exist in the agentexecution resources, and attempt to divide the main plan into smaller piecesand create reactive plans that guarantee the achievement of critical goals.However, there is no analysis of how to partition the set of goals intoguaranteed and unguaranteed ones (when the system cannot guaranteeresponses to all of them). CIRCA only tries to build guaranteed plans by takinginto account only the time allowed to respond to a contingency. Othercontingency characteristics relevant for the decision process (like criticalityand probability) are mentioned as necessary to be considered in future works,but they are not actually used here. Control level goals are linked to thesystem’s safety, which is not always necessary (in our work, any change inthe environment that was not expected as a result of executing the main planis considered a contingency). CIRCA also partitions the goals into just twosubsets according to a system designer specified priority: critical or not.We are unaware of any previous research towards a solution to thegeneral problem of deciding whether to prepare a reactive response to acontingency or not; therefore, it is here where the work described in thisthesis has been concentrated.As shown before most research to date is concerned either withemploying only one of the planning or reacting control modes, or simplyattempts to turn a system to become increasingly reactive and rely as little aspossible on planning. All the reactive responses are always available to theagent executing a plan, and they usually tend to take precedence over the(re)planning alternative. This approach can only work in either very simpletask environments, or for idealized, unlimited resource agents. In our work,

14we take into account the real-world constraint of limited resources for agentsthat have to act in stressful, resource-demanding, real-time situations, inwhich reaction does not come for free. Therefore, we assume that theimportance of regular planning makes it irreplaceable, but the agent’sperformance can be significantly improved by selectively preparing reactiveresponses only for those contingencies that are critically enough to justifythem. We work towards integrating planning with reaction, instead of justenabling the agents to shift from planning to reaction. [Hayes-Roth, 1993]proposes a paradigm for integrating planning and reaction usingopportunistic control of action: run-time control conditions trigger a subset ofpossible actions, strategic plans constrain intended actions, and the matchbetween possible actions and strategic plans controls action execution.Other work, directly related to various subsections of the thesis, arebriefly surveyed when relevant.

1C h a p t e r 3 T h e A p p r o a c h In this chapter we describe our framework for deciding, at planningtime, whether to prepare a reaction for a given contingency in a certainsituation. We first define a few terms which we will frequently use:m a p l a n (conditional plan, or main plan, or conventional plan) is a(possibly conditional) time dependent, partially ordered set of actionsand expectations (figures 2.1 and 3.1.a).m an action is the application of an operator to the current state. It yields anew state, which may be identical or not to an expected state.m a c o n t i n g e n c y is any state of the world entered by the executing agentwhile following a plan, which is not: (i) a direct consequence ofexecuting the actions of the plan up to that point, or (ii) an exogenouslygenerated state of the world assumed in the design of the plan.Therefore, a contingency does not necessarily affect the agent or theplan execution, and when a contingency does affect the plan, it is notnecessary that it will negatively affect it. For example, a contingencymay be a state which is not the current expected state according to theplan execution, but is a state which should have been reached along theway, after executing some more steps of the plan. The agent may detectit and use it to skip the unnecessary steps in the plan, for example inthe same way as it was done with triangle tables in [Nilsson, 1984]. Tosimplify the exposition, we also use the term c o n t i n g e n c y to mean anyevent, fact or sign that was not expected as a result of the planexecution, and which triggers an (undesired) change in the state of theworld, not expected at that time in the plan, i.e. which characterizes astate as a contingency according to the previous definition.

2Figure 3.1. Types of plans(a) Conditional plan(b) Reactive plan testcontingencies & reactions(c) Context-specific plan

(1) (2) (3) (4) (5) (6)main planReactive plansmonitoring actions(7) (8) (9)(10) (11)(12) m a r e a c t i o n is a perception-action rule of behavior, usually stored in acomputationally efficient form. The action part may be a short sequenceof actions which are enough to either solve the problem generated by acontingency, or at least to extend its deadline long enough to allow forreplanning of the entire solution under the new circumstances.m a c o n d i t i o n is a pair contingency-reaction; there may be more than onereaction which can solve the same contingency, and there may be morethan one contingency which can be solved by the same reaction.m a reactive plan is a set of tests and reactions (possibly arrangedhierarchically for efficiency reasons [Ash & Hayes-Roth, 1993] andtherefore represented as triangles in figure 3.1.b) able to solve any oneof a set of contingencies.m a c o n t e x t - s p e c i f i c p l a n is obtained from a conditional plan byaugmenting it with monitoring actions and reactive plans for certaincontingencies (figure 3.1.c). It deals with these contingencies in a localand usually incomplete way, as opposed to the conditional plan whichprepares in advance for a full treatment of the possible situations thatwere taken into account.The basic approach to obtain a final context-specific plan for a givenproblem starts with a conditional plan (produced by a conventional planner)

3to achieve the main goal of the problem. The agent has a knowledge base ofcontingencies that may appear during the execution of plans, together withproper reactions to them. After developing a plan, this knowledge is used toanalyze it and to identify situations of interest, that is, those points in the planfor which the agent knows of possible contingencies and how to respond tot h e m . The general agent architecture to do this is briefly discussed inappendix 1. In the rest of the thesis, we assume that the agent has alreadydecided upon such a situation and has identified the set of contingencieswhich may be associated with it together with their appropriate reactiveresponses. Now the task of the agent is to decide for which of thesecontingencies to actually include responses in a reactive plan which willsubsequently be attached to the main plan at the appropriate place (specifiedby the particular situation isolated before). The context-specific plan is thuscompleted by augmenting the initial main plan with monitoring actions andreactive plans for the critical contingencies (figure 3.1.c). Monitoring actionscan be attached to the plan even if reactions to their contingencies are not(e.g. when the contingency is important enough to be watched for, but eitherits likelihood of occurrence is low enough, or the time allowed to respond to itis long enough for replanning).In the next section, we first analyze a simple problem and try toformulate an intuitive solution. We then formalize this intuitive solution inthe rest of the chapter.3.1. Intuitive SolutionLet us revisit the driving problem presented in the previous chapters,and attempt to analyze it in more detail.In section 2.1 we formulated the problem of an agent which commutesevery morning by car from home to work, and at some point A along the way itpasses in front of a school while driving straight, at 25 mph. The commutetakes place at a time when children are at school, or go to school. The agentknows its route well enough to know about a few contingencies that may occurwhile on this portion of its route. Table 3.1 lists a partial set of suchcontingencies, and the best reaction for each of them known to the agent.Notice that the contingencies are dependent on the characteristics of theactual situation described. Here are some of these dependencies: thecontingencies depend on the type of plan used (e.g. if the agent uses publictransportation, than it need not be concerned with hitting a child, since it isnot in control of the car), on the action involved (if the current action wouldbe driving on a freeway, then the likelihood of having children running infront of the car would be much smaller), on the context of solving the problem(if the same action takes place during vacation time, when that school isclosed, then again the likelihood of having a child run in front of the cardecreases a lot), and so on. In the next section, we rigorously define the notionof a situation, and then precisely characterize this particular situation as anexample of our definition.In order to be useful for our purpose, the notion of a situation (and itsassociated characteristics) must be much more rigorously specified. Also thecontingencies must be expressed in some structured language in order to allowa better representation and usage (e.g. it is important whether the car movesslowly or fast, whether the child runs from left to right or from right to left,

4and so on). We detail these specification requirements and present formalismsto facilitate their expression in the next three sections of this chapter and inthe next chapter. Contingency Reaction 1Child runs from right, 20 m in front of carBrake hard and steer right 2Car crosses w/o priority 20 m in front, from right to leftBrake and gently steer right 3Car in front stops suddenlyBrake hard 4Cat runs across street, 20 m in frontBrake hard and steer right gently 5Traffic light changes red 40 m in frontBrake hard 6Tire explosionBrake gently and do not steer 7A deep and medium width hole detected 30 m in frontBrake hard and steer right gently 8Airplane lands in front of carBrake moderately hard 9Brake malfunction light turns onBrake gently10Engine overheat light turns onBrake gently to stop the car11Loud radio turns on suddenlyAdjust radio volume12Meteor falls on the trunk of the carAccelerate hard

513A ball pops in the street, from the right, at 20 m in frontBrake hard and steer rightTable 3.1. Set of contingencies for the car driving domainOur problem is to decide which of these contingencies are criticalenough to require the agent to prepare in advance reactive responses forthem and which should be ignored at planning time. The solution has twophases. In the first phase, the agent must order the contingencies according tothe value of reacting to them; then taking into account the characteristics ofthe planner and the limitations of the agent’s run-time resources, it must findout how many (and actually which) of the contingencies can be taken intoaccount for reactive treatment. In order to be able to define the value ofreaction to a contingency and to be then able to order the contingenciesaccording to this value, we have to identify the characteristics ofcontingencies which influence this reaction value. These characteristics aredefined not for a contingency alone, but for a condition (paircontingency-response) in a given situation (as seen above, thesecharacteristics can vary from one situation to another).One characteristic which has been recognized by earlier research (asremarked in section 2.4) is the likelihood of appearance of the contingency inthat situation. We have already discussed how the same contingency may havedifferent likelihood in different situations. Also, different contingencies mayhave different likelihood in the same situation. For example, in our case, achild running into the street is less likely than encountering a red trafficlight, but more likely than having a plane land on the street in front of thec a r . Since reactive response is geared especially towards satisfyingreal-time deadlines, of special concern is the time pressure exerted by thecontingency upon the agent. This time pressure (or urgency) is inverselyproportional to the actual real time allowed for the agent to act in response tothe contingency. Clearly, responding to the child contingency is more urgentthan taking care of the radio which has just turned on by itself. On the otherhand, the child running into the street and the ball popping up in front of thecar at the same distance, allow for the same time of response, i.e. exert thesame time pressure onto the agent.But the value of reacting to a contingency is also determined by thegravity of the consequences presented by the contingency if no action istaken in the allowed response time. Obviously, the consequences are muchmore dramatic in the case of hitting a child, than if the car hits a ball.And finally, there is one more characteristic of the conditions that hasto be taken into account. This characteristic is more closely related to theresponse associated to the contingency, and it takes into account the possibleside-effects that may be incurred if the reaction to the contingency is taken intime. For example, the side-effects of avoiding the child by braking hard (thepossibility to be hit by the car following our agent’s car) and steering right(the agent’s car may hit the sidewalk, or a pole on the sidewalk) are the sameas for avoiding the ball through the same maneuver, and can be significantlyhigher than the side-effects of adjusting the radio.We assume that the agent’s knowledge base contains, along with eachcontingency and reaction, a set of values for these characteristics (they can

6be obtained from experts in the domain - as we have done it, or throughautomatic learning methods). These characteristics have different weights indeciding upon the value of reacting to a given contingency. As we shall see,these weights are not fixed, but they are dependent on the application domain,and also on the behavior model according to which the agent acts. We shall fornow restrict our discussion to a generally accepted (by the experts in thedomain) "normal" behavior, and will briefly discuss other types of behaviorsin section 6.3. Under this behavior model, the highest weight is associated tothe time pressure characteristic, followed by consequences and thenlikelihood. However, if the side-effects are much higher than theconsequences, then the agent is probably better off by ignoring thecontingency at planning time.Therefore, a driving agent will give highest priority to the childrunning into the street contingency (since the time pressure is very high,and the consequences are also very high), and will give a very low priority tothe ball contingency, since the side-effects of doing a dangerous maneuveroutweigh by far the consequences of hitting the ball. The traffic light turningred contingency will follow the child one, followed in turn by the airplanelanding and the loud radio turning on (since both have low likelihood, but theairplane has much higher consequences and time pressure). Thecontingencies listed in table 3.1 are actually ordered according to the normalbehavior model described by a panel of experts whom we have interviewed(section 6.1 presents more details about our knowledge acquisition process forthis domain). At first glance it may be surprising, for example, that the ballcontingency was placed after the radio contingency; remember however thatwe are only interested here in preparing reactions for these contingencies.Therefore, this ordering says that, if the agent has enough resources, it maytry to prepare a reaction to the radio contingency (although the value ofreacting to it will be pretty low), but should avoid as much as possible toprepare a reaction to the ball contingency, since the side-effects of reacting toit may be much higher than the consequences of not reacting (orequivalently, the benefits of reacting).The second phase of our solution involves deciding which of thesecontingencies will actually be included in the reactive plan, by taking intoaccount the characteristics of the reactive planner and the limitations on theagent’s resources. The characteristics of the reactive planner (specified as areactive planner model) allow the agent to estimate the complexity of isolatingthe contingency and its reaction from the reactive plan prepared for theentire set of selected contingencies associated with that situation. Thiscomplexity is direct proportional to the time needed by the agent from themoment it detects the existence of a contingency and until it can start areaction to it. However, this time is further influenced (i.e. increased) by theavailability and limitations of the agent’s resources, specified by an agentmodel (e.g. computational overhead). For each contingency included in thereactive plan, this response time has to be smaller than the time allowed bythe contingency before the (re)action has to be taken (otherwise the reactionto that contingency becomes useless). Therefore, given the reactive plannermodel and the agent model, we have to analyze each contingency associatedwith the situation, in the order specified by the first phase of our analysis. Inour example, we will always include in our reactive plan a response to thechild contingency, since it has the top priority. We will also include in the

7plan a response to the car crossing contingency, if we estimate that the agentwill have the resources to react to both contingencies in time, and so on. If wereach a contingency which cannot be responded to in the allowed time periodwhile still being able to respond to all the contingencies included in thereactive plan before it, then this contingency will be left out. However, thisprocess continues until all contingencies have been examined, since somecontingency further down the list may allow a longer response time, whilestill allowing time to respond to all the already included contingencies. Forexample, assume we have time to respond to only two contingencies with veryhigh time pressure, and to some other contingency with much lower timepressure. Then we will want to include the child and car crossingcontingencies (which are the first two on our ordered list), ignore the carstopping and cat crossing contingencies for which we do not have time torespond, and include the red traffic light contingency which follows in thelist, because it allows for a much longer response time. Such a policy (which isrigorously defined in section 3.4) makes optimal use of the agent’s executiontime resources, as justified in chapter 5).In the following three sections we define our framework, along thelines of the intuitive analysis presented here, and in chapter 5 we make abrief analysis of some of the theoretical properties of this framework. Inchapter 6 subsequently then present a few more examples of applying thisframework in other domains like anesthesia and intensive care monitoring.3.2. Framework for Reaction DecisionIn the following sections we define our framework, along the lines ofthe intuitive analysis presented above. We specify a consistent framework tohelp decide whether the agent should prepare in advance to react to certainpossible contingencies, or whether it can ignore them at planning time andcan replan at execution time to deal with them. As seen before, the inclusion ofmonitoring actions and/or reactive responses for a particular contingency ina plan may depend on a large number of characteristics of the environment,the contingency and its response, and on the relations between them, as wellas on the models of the different factors involved in this process: the expert,the agent and the reactive planner. They also depend on the set of othercontingencies possible in the same situation (how many, how critical, and howcomplex their reactions are) vs. the agent’s capabilities. To help visualize theheuristic rules that take these decisions, we define a few multi-dimensionalspaces and the relationships among them. The position of a contingency inthese spaces determines whether or not the agent reacts to the event.3.2.1. Overview of the FrameworkWe begin with a general presentation of the interactions among thecomponents of our framework, and in the subsequent sections we present indetail each of these components.Figure 3.2 presents a schematic overview of the framework describedhere. The entire framework is used to decide, for a given condition (paircontingency-reaction), whether the agent should include the reaction to thiscontingency in the reactive plan which is prepared for the situation underconsideration. Therefore, given the condition and the situation, theframework has to provide the means to associate a criticality value to thecontingency. This criticality reflects the value of reacting to the contingency(using its associated reaction, if it appears in this situation), as opposed to

8leaving the agent unprepared to respond to this contingency and hoping thatit will be able to solve it by dynamic replanning if the need will arise. If thereaction value is high enough, the agent will at least monitor for theoccurrence of this contingency during execution of this phase of the plan.However, the agent may not be able to prepare for all contingencies withcriticality high enough to be monitored for.Reactive Planner ModelAgent ModelAgent’sKnowledgeBehavior Model: fcSituation Condition(Contingency + Response) & its characteristics Criticality(reaction value)Inclusion(yes / no)Monitor(yes / no)fcFigure 3.2. Overview of the FrameworkThe decision of whether to include the reaction to this contingency inthe reactive plan is taken based on the characteristics of the situation, thetime pressure exerted by the contingency upon the agent (or equivalently thetime allowed for response by the contingency), and of course the criticality ofthe contingency, compared with the criticalities of the other contingenciesknown to the agent to possibly appear in the current situation. The criticalityvalues induce an order relation on the set of contingencies associated with asituation, and the agent first attempts to include the most critical of thesecontingencies for reactive response. All the contingencies (taken from theagent’s knowledge base) associated with the current situation are consideredin turn for inclusion, in the order of their criticality value. When reachingthe stage where the current contingency is analyzed, all the contingenciesapplicable in the current situation, with higher criticality, have been alreadyanalyzed, and for some of them (not necessarily all) the agent has decided toinclude reactive responses in the reactive plan. The current contingency willbe included in the reactive plan only if the agent using this new reactive planwill be able, at execution time, to respond to this contingency in its allowedtime, while still being able to respond in their allowed times to all thecontingencies already included in the reactive plan. In order to take thisdecision, our framework needs a model of the characteristics of the reactiveplan built by the agent, as well as a model of the execution time characteristicsof the agent resources and their limitations.Figure 3.3 presents in more detail the source and flow of informationthrough our framework. Each situation has a number of characteristics, and istherefore represented as a point in a situation space. This representation

9allows for flexible generalizations and for the representation of sets of relatedsituations as regions in the situation space. Similarly, the characteristics of acontingency will define the dimensions of a criticality space, in which eachpoint represents the value of reacting to that type of contingency. The thirdspace used represents the reactive plan characteristics, in terms of theresources required by the execution of the reactive plan (given by thereactive planner model) and the resources available for execution by theagent. The agent model gives indications on how these resources are managedby the agent and how they are used by other modules of the agent, as well asthe limitations on the agent resources, and is therefore used in the final stageof the decision process. The expert model is used by the framework to interpretthe values suggested by the expert for the characteristics of thecontingencies, and specifies a set of threshold values for these characteristics.Finally, the behavior model defines the function which computes thecriticality value for each contingency. Different behavior models associatedifferent values for the same reaction to the same contingency, according tothe individual values of its criticality space characteristics. The two criticalstages of the framework are establishing the criticality or reaction value ofthe contingency, and making the decision of whether to include its reactioninto the reactive plan built for the current situation.In the remaining subsections of this section we discuss in detail each ofthe three spaces mentioned above, and then we present a complete summary ofthe entire framework. The following two sections will then describe the twocritical points of the framework mentioned above. 10.

Reactive PlanCharacteristics

Situation Space

Criticality Space

Expert Model Reactive Planner Model

Agent Model

Agent’sKnowledge

Behavior Model: fc

Situation

Condition(Contingency + Response) & its characteristics

Criticality(reaction value)

Inclusion(yes / no)

Monitor(yes / no) fcFigure 3.3. The General Framework

113.2.2. The Situation SpaceThe situation space is the set of all possible situations. Its dimensions arethe aforementioned characteristics of a situation. A point in this spacecharacterizes a general, contingency-independent environment situation orstate. Situations will be used to index contingency-response pairs in theagent’s knowledge base, according to the relevant situation characteristics inwhich they may apply. We will elaborate more on the same driving exampleused before, and will try to specify it more accurately from the perspective ofour problem. The seven dimensions of this situation space are:m p r o b l e m - is the main problem to be solved by the agent. It is a synthesisof the problem characteristics and how they can determine the globalsituation. An example of problem is to carry a small package of booksfrom home to work. We shall use this example throughout this section. Asmall change in the problem statement can have important influenceson the set of contingencies that can be expected. For example, if theproblem is instead: carry a small package of radioactive material fromhome to work, then an entire subset of contingencies generated by thefact that the package contains radioactive materials has to be taken intoa c c o u n t . m p l a n - is a synthesis of the characteristics of the type of main plan usedto solve the problem. The type of plan chosen by the conventionalplanner is obviously dependent on the problem to be solved. Forexample, the plan may differ depending on the size of the package to becarried, on its weight or on its content, as well as on the distance to betraveled. However, even for the same given problem there may be alarge number of solutions (plans to solve it), and each of them maycreate different conditions with which contingencies may be associated.For example, for our problem, one can choose to walk or to use a meansof transportation, and further, to drive or to use public transportation,and further to drive a car or a bike, or any combination of these, and soon. Let us assume the planner’s choice was to drive a car.m c o n t e x t - is a synthesis of the characteristics of the environment inwhich the plan is to be executed to solve the problem. It covers all thegeneral aspects of the domain which are not covered by the previoustwo dimensions. For the driving example, it includes the time of the day(it may make a considerable difference for the types of contingencies tobe expected, whether it is day or night), the time of the year (in winter,the road is usually more slippery, but the engine is less likely tooverheat), weather conditions, the abilities of the driver, and so on.Suppose in our example the context is a working day morning duringthe month of May. This means that children are going to school, andtherefore children and balls can be very well expected into the streetaround the school.m a c t i o n - is the action to be currently executed by the agent according tothe plan. Since the contingency preparation process is an off-lineanalysis of the main plan, "current" here means the currently analyzedtime point of the plan. Non-execution of planned actions (missingactions) may also be represented on this dimension, since contingenciesmay occur both associated with the execution of actions in the mainplan (e.g. steering to the right may cause the car to slip sideways) aswell as with non-execution of an action (e.g. not steering to the right

12when the road turns right may have obvious consequences...). In ourexample the action is just to drive straight ahead on street S at a speed of25 mph.m e x p e c t a t i o n s - are descriptions of situations (changes in the state of theenvironment) along the plan path. In order to monitor the execution ofthe plan, the agent looks for some important such states which areprespecified at planning time. We call these states m i l e s t o n e s . Theachievement (or not) of a milestone may determine the agent to changethe conditional plan branch which it is following, and therefore tochange the set of contingencies for which it is on the lookout.According to the way they may be generated, there are two kinds ofexpectations which must be taken into account when defining asituation:l internal expectations - due to actions performed by our agent whileexecuting the plan (e.g.: an attained milestone may be entering on afreeway, as expected, while to the contrary, an unattained milestonemay be a situation in which the agent did not enter the freeway,although this was expected as a result of executing a set of plansteps). Such an occurring state change can be foreseen, and if thechange does not occur, it becomes a contingency: it may signal thatsomething went wrong with the plan execution, and therefore theagent should try to find out what and replan, but in the meantime itshould be on the lookout for a certain set of contingencies that mayalso appear in this situation. For example, due to driving on street S,the agent expects (as milestone) to arrive in front of a school. If itdoes not, then maybe the plan was not entirely correct and the agentis somewhere else than it should be at that time. It should thereforereact (attempt to stop) and replan: attempt first to find out where it is(e.g. by reading the street signs), and then replan its route fromthere on.l external expectations - due to other independent agents which work inthe same environment (e.g. changes in traffic lights). These agentsmay generate contingencies by themselves, since they activelychange the environment; their actions may have a certain non-zerodegree of correlation with the actions of our agent, or may be totallyuncorrelated. For example, the traffic light is an agent whose actionsmay be somewhat correlated with our agent’s actions if our agentapproaches the traffic light from some direction where there arestreet sensors or other traffic lights synchronized with this one;otherwise, the traffic light’s actions are totally uncorrelated withthe actions of our agent. Two kinds of events may be distinguishedhere too: (i) something may happen (like the signal change) or (ii)something expected may not happen (e.g. a malfunctioning redsignal which does not change after a long waiting time period). Inthe example situation we have been building in this section, apossible external expectation might be to notice children in the area(since it is a working day morning in May and we are in front of aschool). However, this is not a milestone: it is possible that thechildren may be in class at that time, and this fact does not alter inany way the execution of our main plan.

13m t i m e - this basic characteristic of planning problems will appear in eachof the abstract spaces we consider, although with different meanings(when the possibility of confusion arises, we will denote the timedimension for the situation space with t i m e s ). Here it represents theamount of time elapsed since some action was taken or since a situationchange was noticed, or the amount of time allowed until a situationchange must appear. It is therefore strongly coupled with theexpectations dimensions (expectations become more or less strongerwith time passage). For example, if we allow for 3 minutes from themoment we start driving on street S until reaching the school and theexpectation is not met, then something wrong may be going on (e.g. atraffic jam, or a deviation from the route) and the agent should try toreplan (or maybe first to react and then to replan) for an alternater o u t e . ProblemPlanContextAction Internal ExpectationsTimesfsSituation ExternalExpectationsSituation = fs (Problem, Plan, Context, Action, Internal_Expectations, External_Expectations, Times)Figure 3.4. The Situation SpaceThe values along each dimension of the situation space are descriptionsof those dimensions, as given in the example built during this section andsummarized in section 3.2.5. A point (called s i t u a t i o n ) of this space, fullydefines (for our purposes) the agent’s situation, that is: the action executed andthe current expectations in the course of executing a certain type of plan tosolve a given problem in a specific general context or environment. We willuse it further to determine whether the agent should prepare or not a reactionfor a contingency "in the current situation". In chapter 4 we present arepresentation formalism for the values of the situation space dimensions,which allows us to group situations into classes to facilitate the storage ofknowledge and the reasoning and knowledge acquisition processes for anagent using our framework. Figure 3.4 summarizes the functionaldependencies described here.With each point in the situation space, there is a (possibly null) set ofcontingencies (and responses) associated (known to the agent through itsknowledge base) for which the agent has to further decide whether to watchfor and to prepare reactions for. Let us suppose that the contingencies knownby our agent to be associated with the situation described in this section arethe ones listed in table 3.1. However, we shall mainly discuss and compare thecharacteristics of only two of these contingencies, which have essentially thesame reaction: (i) children running in the street in front of the car, and (ii) a

14ball appearing in front of the car. As the need will arise, we will refer to othercontingencies in the set for comparisons too.3.2.3. The Criticality SpaceThe criticality space describes the characteristics of a contingency andits associated reaction in a specific situation, and helps in establishing thevalue of performing the reaction when the contingency appears in thatsituation. In the previous subsection we used the situation space to evaluate asituation, independently of the contingencies that might appear in it. Here weevaluate the criticality of a contingency, dependent on the situation in whichit occurs, but independent of the set of other possible contingencies for thesame situation, and independent of the characteristics of the reactive plannerand those of the agent. Resuming our driving example, we continue toexemplify our presentation by analyzing the two contingencies associatedwith the situation described during subsection 3.2.2. The four dimensions (withsituation-dependent values) defining the criticality space are (figure 3.5):m t i m e - is the time deadline, or the urgency to correct the problem raisedby the contingency. This is in contrast with the time dimension for thesituation space introduced in the previous subsection, whichrepresented the time allowed to pass until a contingency is declared. Weactually use two strongly correlated values here:l T i m e r c - is the actual real-time interval allowed to pass (withoutconsequences) between the time a contingency is detected and untilthe corrective action is taken.l T i m e p - is the corresponding time pressure acting upon the agent; it isinversely proportional to the real time (the proportionality factor isa parameter of the expert model).In our example, in both the child and the ball case, this is the dynamicplanning time available before the action must be taken in order toavoid collision, from the moment the contingency is detected. This timeis shorter than, for example, the time allowed to respond to the radioturning itself suddenly loud. Therefore, the time pressure is muchhigher in the first two cases than in the radio contingency.m c o n s e q u e n c e s - is a summary of the gravity of the consequences thatmay appear if no action is taken (before the time deadline) in responseto the contingency. This value can (but need not) be situationdependent. In our example, hitting a child can be fatal, and this valuewill be very high. But hitting a ball is usually no big deal, so its valuewill be small.m s i d e - e f f e c t s - is a summary of the gravity of the consequences that mayoccur as a result of reacting, and therefore this characteristic is mainlydependent on the reaction and the situation, and less dependent on theactual contingency. Alternatively, it is a measure of the risk of notbeing able to reach the final goal anymore, once the reaction isexecuted. In our case, in order to avoid hitting the child or the ballwhen driving a car, the same reaction is indicated. It is a dangerousmaneuver (braking hard implies the possibility to be hit by the carfollowing our agent’s car, and steering right implies the possibility thatthe agent’s car may hit the sidewalk or a pole on the sidewalk) and thisyields a high value for the side-effects characteristic in this case, i.e.significantly higher than, say, the side-effects of adjusting the radio.

15m l i k e l i h o o d - this dimension summarizes the probability of occurrence ofa given contingency in a given situation. However, it is important tonote that it need not be the actual probability, or not even perfectlycorrelated to it. It can simply be a value that is approximately correlatedto the actual probability, in that the relative values of the probabilitiesof different contingencies are reflected in their relative likelihoodvalues. Initially, this value can be determined from previously knowncases in the literature describing the domain, from the estimates of anexpert, or from a theoretical analysis when a sufficiently strong domaintheory exists. Later on during its lifetime, the agent may adjust itaccording to its own experience. Assuming the agent has no priorexperience in our example, we initialize the likelihood as medium forboth a child and a ball appearing in front of the car passing in front ofa school, with the likelihood for the ball contingency a little higherthan for the child one. They are both higher than the likelihood to havean airplane land on the street, but lower than the likelihood toencounter a red traffic sign.The values along the consequences, side-effects and likelihooddimensions of the criticality space are reals in the interval [0,10]. The valuesfor the time pressure dimension are real numbers greater than 0; the upperlimit for the time pressure depends on the threshold values imposed by theexpert model, which will be discussed in section 3.3.1. All the values for all thecriticality space dimensions may be specified qualitatively (e.g. for theconsequences dimension using {very small, small, medium, high, very high})and are then translated into numeric values. These values are situationdependent; they may be different for the same contingency associated withdifferent points in the situation space. For example, the side-effects of theproposed dangerous maneuver to avoid a collision with a child or a ball aremuch smaller if driving in an empty, large parking lot, than when driving ona busy street. The values for the criticality space dimensions for eachcondition and situation must be specified in the agent’s knowledge base. It isimportant to note here that these values need not be very precise in absolutevalues. It is enough if they are in the correct order and approximately ofcorrect relative values. This is because the method for computing thecriticality value (section 3.3.2) and the way this value is used further in theframework are robust (i.e. noise tolerant), making the entire frameworkrobust. We shall substantiate these remarks in chapter 6, when we shalldiscuss the experiments we have conducted. Given these relaxed precisionrequirements, the experts with whom we have worked on the knowledgeacquisition part of our experiments were able to specify quickly and with littleeffort suitable values for the characteristics of the contingencies in oure x p e r i m e n t s . A point in the criticality space presented here defines an expectedvalue for the reaction to a contingency, versus a dynamically replannedresponse, as shown in section 3.3.2. The agent attaches to the plan such areaction only if the contingency is critical enough with respect to the othercontingencies possible in this situation, and only if it will have enoughresources at execution time to respond in time to this contingency as well as toall the previously accepted contingencies. That is, as we shall see in section3.4, not all such reactions c a n be included, but monitoring actions for all

16contingencies found to be critical enough (according to an expert definedthreshold) after this analysis will be included in the plan.TimepConsequencesSide-effectsLikelihoodExpert ModelSituation Condition(Contingency + Response)TimercftcCriticality Spacefc Criticality(reaction value)Timerc = f1 (Situation, Condition) Consequences = f2 (Situation, Condition)Side-effects = f3 (Situation, Condition) Likelihood = f4 (Situation, Condition)Timep = ftc (Timerc) = k / Timerc Monitor = fm (Criticality)Criticality = fc (Timep, Consequences, Side-effects, Likelihood)Figure 3.5 The Criticality SpaceFigure 3.5 summarizes the characteristics of the criticality spacedefined above, and their relationships (functions) to other elements of ourframework. Functions f1 to f4 are implicitly contained in the expert model;they are not explicitly used in the framework, since the values for the fourdimensions of the criticality space are acquired directly form the experts.However, for well-structured domains, it is possible that a strong domaintheory might exist which can explicitly specify these functions.3.2.4. Reactive Plan SpaceThe reactive plan characteristics represent one more set of features toconsider in deciding whether to prepare a reaction to a contingency or not.We define a reactive plan characteristics space to help us study therelationships between replanning a response, versus reacting to the samecontingency in the same situation. The factors to be taken into account hereare the availability of computational and non-computational resources of theagent, expressed through the reactive planner model and the agent model(subsections 3.4.1 and 3.4.2). Here, the values of the dimensions in this spacewill be based on all the elements of our framework: situation, contingencycriticality, and reactive planner and agent models. Thus, we have built ourframework hierarchically, the coordinates of each space of the frameworkbeing defined in terms of the values of elements in (and the dimensions of)the previous spaces.

17Reactive Planner ModelAgent ModelAgent’sKnowledgeReactive PlanCharacteristicsSituationCriticalityftftiTimerResource1Resource2. . . . .ResourcenInclusion(yes / no)frTimer = ft (Situation, Criticality, Agent’s_knowledge, Reactive_planner_model)Resourcei = fti (Situation, Criticality, Agent’s_knowledge, RP_model)Inclusion = fr (Timer,Resource1,...,Resourcen,Agent_model,Situation,Criticality)Figure 3.6. Reactive Plan Characteristics SpaceThe dimensions of the reactive plan space, which also represent thecharacteristics of reactive plans, are (figure 3.6):m t i m e r - is the time needed by the agent between the moment acontingency is detected, and until the proper reaction to it can bestarted; it depends on both the computational and non-computationalresources of the agent, their capabilities and their load in that situation.The value of this dimension grows with the number of thecontingencies included in the reactive plan and with the complexity ofidentifying them and their reactive responses.m r e s o u r c e i - is the total requirement imposed on the agent’s i-th resourceby the reactive plan containing the current contingency analyzed plusall the contingencies previously decided to be included for reactiveresponse and associated with this same situation. These dimensions areof special concern for real systems. Both computational andnon-computational resources (including memory) are limited, and theiravailability may be decisive for the successful completion of thereaction (e.g., in the limit, a universal plan for a real domain mayrequire an infinite amount of memory, which is unacceptable in realsystems).Inclusion of a reaction to a new contingency depends on the size of theresulting reactive plan, which combines it with the set of all the reactions tocontingencies already decided to be included in the reactive plan for thatsituation. These contingencies were obtained from the agent’s knowledge basewhere they are indexed by their applicable situations, and have beenpreviously analyzed by this framework (since their criticality must be higherthan the criticality of the currently analyzed contingency).The agent’s knowledge base includes all the contingency-reaction pairsknown to the agent, indexed by the situations in which they may appear, andwith associated descriptions for the criticality space dimensions. We shallpresent in chapter 4 a formalism to construct languages for representingsituations, contingencies and reactions in the knowledge base, designed to takeadvantage of the regularities of the application domain.

18To continue with our example, the more contingencies (selected fromthe 13 contingencies given in table 3.1) are included in the reactive plan, themore likely it is to decrease the responsiveness of the agent to each of thecontingencies included. Since we have no information (yet) on the structureof the reactive plan built by the reactive planner, and also on the agent’sresource limitations, we cannot actually specify how much each of the addedcontingencies will increase the response time (we shall see in section 3.4.1that for some structures of reactive plans, adding some new contingency may,in some circumstances, not increase the response time at all). In any way, theagent will always try to include at least the reaction to thechild-in-front-of-the-car contingency, and will continue to add to it as manyas possible, in the order given in the table. However, it will not add acontingency if either (i) its estimated response time would be bigger than itsallowed response time, or (ii) if adding it would determine the response time toany previously included contingency to exceed its allowed response time(given by the T i m e r c value of the criticality space associated with thisc o n t i n g e n c y ) . Figure 3.6 summarizes the characteristics of the reactive plan spacedefined above, and their relationships (functions) to other elements of ourframework. Functions ft and all fti are explicitly contained in the reactiveplanner model and are then used in conjunction with the limitations on theagent resources defined by the agent model.3.2.5. Summary of the FrameworkThe purpose of our entire framework (and of the thesis for that matter)is to keep the reactive response time and other resources for very criticalcontingencies within acceptable (i.e. useful) bounds, while ensuring reactivebehavior at least for the most critical contingencies known for everysituation. Given the information contained in the three spaces defined above,the agent has all the data it needs to be able, for every contingency, to take thedecision of whether to include it or not in the reactive plan associated with agiven situation. The result of processing the contingencies through the entireframework is a partition of the set of known contingencies possible in a givensituation into two classes: to be included in and to be excluded from thereactive plan. 19.

Figure 3.7. The Plan-to-React Decision Framework

Situation Space

Problem

PlanAction

Context

Internal

External

Expectations

Times

Expert Model:Tmax, Tmin,CSmin, Lmin,MON, ftc

Condition(Contingency + Response)

Situation

Timerc

Behavior Model: fc

Criticality Space ftcTimep

Consequences

Side-effects

Likelihood

Criticality(reactionvalue) fcfmMonitor(yes/no)

Inclusion(yes/no)

Agent’sKnowledge

Reactive Planner Model: ft, fti (i=1,2,...)

Reactive PlanCharacteristics ftftiAgent Model:Kt, Ki (i=1,2,...)

Timer

Resource1Resource2 . . . . .Resourcen frfs

20Figure 3.7 shows a detailed summary of the framework for selecting thecontingencies for which reactions are prepared and those for whichmonitoring actions are added to the plan. It details the diagram presented infigure 3.3, and essentially combines figures 3.4, 3.5 and 3.6. At any time, theagent knows of a set of contingencies and reactions to them. Each contingencymay be associated with several regions in the situation space, and each pointin the situation space may have several contingencies associated (many-manyrelationship). Each contingency is characterized in a situation by a criticalitypoint. While the criticality value alone decides which contingencies will bemonitored in which situations, the decision for including the treatment of thecontingency in the reactive plan associated with that situation is made basedon both the criticality value, and the reaction value of the entire reactiveplan for that situation, in relationship with the reactive planner model andthe agent model.Situation = fs (Problem, Plan, Context, Action, Internal_expectations, External_expectations, Times)Timerc = f1 (Situation, Condition)Consequences = f2 (Situation, Condition)Side-effects = f3 (Situation, Condition)Likelihood = f4 (Situation, Condition)Timep = ftc (Timerc) = k / TimercCriticality = fc (Timep, Consequences, Side-effects, Likelihood)Monitor = fm (Criticality) - Expert ModelTimer = ft (Situation, Criticality, Agent’s_knowledge, Reactive_planner_model)Resourcei = fti (Situation, Criticality, Agent’s_knowledge, Reactive_planner_model) (i = 1,2,...)Inclusion = fr (Timer, Resource1, . . . , Resourcen, Agent_model, Situation, Criticality)Figure 3.8. Functional Relationships for thePlan-to-React Decision Framework The set of functional relationships among the elements of theframework is summarized in figure 3.8. Appendix 1 presents the general agent architecture and the basic dataflow during the plan modification process.Our agent integrates reactive responses with the plan to compensate forthe unfeasibility of universal plans. It does not only try to prepare for themost frequent or likely contingencies, but also for some very infrequent oneswhich are very critical. Due to real-world resource limitations, some of thefrequent but not very critical contingencies may be excluded from reaction infavor of less frequent but very critical ones.SpaceDimensions

21ProblemDeliver package to workPlandrive carContextschool time (May, week)SituationActiondrive straight, 25 mphIntern. Expectationsreaching school External Expectationschildren in sightTimemax. 3 mins.ContingencyChild / Ball in front of carTimeto avoid collision (short)

22Consequencefatal (very high) / smallCriticalitySide_effectshighLikelihoodmediumReact. PlanTimeN.A. / to be consideredCharacts.MemoryN.A. / to be consideredFigure 3.9. Example for the driving domainTwo advantages of the framework introduced here are: (i) itsspecification is general, domain and agent-independent, so we expect it to beapplicable to a wide variety of agents working in a variety of environments,and (ii) it is highly parameterized, which ensures a proper adjustment of theframework to a specific agent and to domain-dependent requirements(domain, expert, reactive planner, and agent characteristics and capabilities)4as well as to the desired type of behavior. In chapter 5 we claim and justifythat the framework, as presented here, is free of redundancies; that is, each ofthe elements included in our framework are necessary to completely describethe characteristics of a contingency and its reaction in order to allow theagent to decide at planning time whether to prepare for the reaction to thatcontingency in that situation. While we cannot prove that the framework isalso sufficient (i.e. that there are no other elements needed for this decisionbesides the ones described here), the experiments described in chapter 6 weresuccessfully conducted using this framework. Should the need to extend theframework arise, we believe that it can be easily done, while preserving theelements and their structure discussed here.SpaceDimensions

23Probleminguinal herniaPlansurgery procedure HContextheart disorder historySituationActionapply anestheticInternal Expectationsget patient asleepExternal Expectationssurgeon perf. incisionTimefrom action to sleepContingencyheart failureTimeto restore heart (short)

24Consequencefatal (very high)CriticalitySide_effectsvery lowLikelihoodhighReact. PlanTimeN.A. (irrelevant)Characts.MemoryN.A. (irrelevant)Figure 3.10. Example for the anesthesia domainFigure 3.9 presents a summary of the car driving example usedthroughout this section to illustrate our framework. Figure 3.10 presents anexample from a different domain - anesthesiology, to show the generality ofour theoretical framework.The agent is an anesthesiologist preparing for an operation duringwhich contingencies that endanger a patient’s life may appear. The situationspace is defined by the general characteristics of the operation (inguinalhernia to be treated through a specific surgery procedure performed on apatient with heart disorder history). The plan analysis is at the point whereanesthetic is applied. This action will give rise to two kinds of expectations(milestones) to be watched for: as a result of the action, the patient should getasleep after a certain amount of time, and from the external environment theexpectation of an incision being performed by a surgeon. At this point, theanesthesiologist agent analyzes as a possible contingency a heart failure. Ithas a short deadline (the time to restore the patient’s heart without causingbrain damage) and the consequences of not reacting in time are fatal (veryhigh). It also has a high likelihood of occurrence, given the patient’s medicalhistory. As we shall see in the following sections, since these characteristicsyield a very high criticality value for this contingency, the agent willprobably decide to add monitoring actions to the plan, and will probablyinclude its reaction in the reactive plan for this situation, almost regardless ofthe rest of the contingencies relevant to the same situation (analogous to thechild contingency in the driving example). In chapter 6 we present a largerset of results which we have obtained from our experiments in this medicald o m a i n .

253.3. Establishing the Value of ReactionAs mentioned in the overview of the framework which we made insection 3.2.1, our framework has two critical phases: establishing thecriticality (or reaction value) of the contingency, and making the decision ofwhether to include its associated reaction into the reaction plan built for thecurrent situation. In this section we will concentrate on the first of thesephases, and will leave the second one for the next section. But before we canpresent our method for establishing the reaction value of a contingency, wehave to talk briefly about the expert model, since it is according to such amodel that the values for the criticality space dimensions are specified.3.3.1. The Expert ModelT h e s i t u a t i o n - d e p e n d e n t c r i t i c a l i t y s p a c e v a l u e s f o r a contingency-reaction pair are supplied by an expert, and are thus subject tothe personal interpretation of the expert, according to his own expert model.As our experiments have shown (chapter 6), the experts need not be veryprecise in the absolute values they provide. It is enough if they are in thecorrect order and approximately of correct relative values. This is because themethod for computing the criticality value (section 3.3.2) and the way thisvalue is used further in the framework are robust (i.e. noise tolerant), makingthe entire framework very robust. We shall substantiate these remarks inchapter 6, when we shall discuss the experiments we have conducted. Giventhese relaxed precision requirements, the experts with whom we have workedon the knowledge acquisition part of our experiments were able to specifyquickly and with very little effort suitable values for the characteristics of thecontingencies in these experiments.The values specified by the expert for each contingency are the realtime interval allowed between the moment a contingency is detected and untilits reaction is started, the consequences of not reacting to the contingency,the side-effects of executing the reaction associated with the contingency, andthe likelihood of occurrence of the contingency in that situation. The lastthree values are real numbers in the interval [0,10]. The values for the timepressure dimension are positive reals; the upper limit for the time pressuredepends on the threshold values imposed by the expert model, which arepresented below. All these values may be specified qualitatively (e.g. for theconsequences dimension using {very small, small, medium, high, very high})and are then translated into numeric values (e.g., corresponding to theprevious set of qualitative values, these numeric values will be in theintervals: {(0.2], (2,4], (4,6], (6,8], (8,10]}. As seen in previous chapters, thesevalues are situation dependent; they may be different for the samecontingency associated with different points in the situation space.The expert model reflects the expert’s interpretation of the domain (andthe way he or she estimates the values of the contingency characteristics).This model must include the following threshold values, which will be used inthe next section in our analysis:m T m a x - is an upper limit on the reasonable values for the time pressureexerted by contingencies on the agent. A time pressure higher thanthis value makes the reaction useless since it can only be taken too late(the agent has no way to react before the deadline). In our drivingexample, the meteor contingency has a too short deadline to be

26responded to realistically, so the agent is better off by not includingsuch a reaction in the reactive plan (and leaving the reactive plan onlyfor contingencies that can be responded to in reasonable time).m T m i n - is a lower limit on the time pressure values for which the agentshould try to respond reactively. If the agent has more time than thisthreshold, then it can probably dynamically replan its response, thusleaving room in the reactive plan for other, more time pressuringcontingencies. Therefore, the value of reacting here is significantlylower, although not zero - if the agent has left enough executionresources, then maybe it is still a good idea to prepare a reactiveresponse for such a contingency. For example, if the agent driving acar detects a traffic jam, it does not have to react (well, usually...) butcan take its time to replan an alternate route. However, we can easilyimagine traffic jam situations in which the agent is much better off byfirst reacting (and, say, leave the freeway) and then replanning, thanjust by taking its time to dynamically replan (and, say, pass the freewayexit).m L m i n - is a lower limit on the likelihood of occurrence of contingenciesfor which the agent should prepare reactions. A likelihood value lowerthan this threshold indicates that the contingency is so unlikely toappear in this situation that the overhead of preparing and managing areactive response is probably unjustified, so the value of reacting hereis significantly lower. An example here can again be the meteorcontingency, and maybe the airplane landing contingency too. Thistreatment can be dangerous in certain domains where theconsequences may still be fatal, but in such cases this threshold can belowered to zero. Also, the value of reacting if the likelihood drops belowthe threshold is again still positive (though much smaller), so if theagent has left enough execution resources, then it may again be a goodidea to prepare a reactive response for such a contingency.m C S m i n - if the side-effects of a reaction to a contingency outweigh theconsequences of not reacting by more than this value, then it isprobably wiser not to take any action. In this case, like in the uppertime pressure threshold, Tm a x , the value of reacting to the contingencyis considered zero. An example is the contingency of a ball popping upin front of the agent’s car: the side-effects of taking the recommendeddangerous maneuver outweigh by far the consequences of hitting a ballat 25 mph, so the agent is better off by ignoring this contingency fromthe reactive plan preparations.m M O N - is a criticality threshold beyond which monitoring actions for thecontingency should be included in the main plan (even if reactions to itcannot be included); the reason is that the decision to include a reactionfor a contingency is taken dependent on the agent’s run-time resourcesand performance, which may change over time, but are not taken intoaccount at this stage of the decision process. Also, these monitoringactions may detect a contingency for which no reactive response wasprepared, but for which the agent has the resources to dynamicallyreplan its response.

27 The agent model must also specify the function ft c which transformsreal-time values into time-pressure values. These pairs of values are inverselyproportional, so this function has the form:Timep = ftc (Timerc) = k / Timer c where only the constant k has to actually be specified by the expert model, andhas to be in some (weak) correlation with the two time pressure thresholdspresented above.Also implicitly contained in the expert’s model are the functions f1 , to f4which associate the values for the criticality space dimensions with each paircondition-situation, as discussed in section 3.2.2.3.3.2. Value of ReactionThe criticality value for a contingency-reaction pair is a measure of themerit of the reaction to the contingency as opposed to dynamically replanninga response to that contingency, in a particular situation in which thecontingency is known to possibly appear. This value induces an order relationon the set of contingencies that can appear in that situation. This order is usedto allow the selection of those contingencies that should be reacted to giventhe limited resources of the agent. Function fc , which computes the criticalityvalue for a contingency given the values of the characteristics of thecriticality space for the contingency, implements the evaluation function ofthe behavioral model to be exhibited by the agent.The behavior model represents the type of behavior which the agentattempts to simulate. By imposing an order (i.e. a preference of treatment) onthe set of contingencies associated with a situation, the agent commits itself toa pattern of reactive behavior. It involves both which contingencies arepreferred over which, and which contingencies are ruled out altogether fromthe reaction process. Each behavior model is characterized by an e v a l u a t i o n f u n c t i o n which, given a set of conditions (pairs contingency-reaction) and asituation in which they apply, computes a score with the following property:the higher this score is, the better (more appropriate) that set ofcontingencies is (according to the particular reaction philosophy of thatbehavior model). The evaluation function orders the set of contingenciesassociated with a situation according to their priority for a reactive response.The behavior model is implemented in our framework through therelative values of the parameters in the function computing the value ofreaction (which is presented here), and through the values of the thresholdson the criticality space dimensions (presented in the expert model) relative tothe values of the parameters of the criticality function. In chapter 5 we provea few properties of the relationship between the evaluation function of abehavior model and the criticality function defined below. The most importantproperty is that both functions define the same order relation on a set ofcontingencies associated with a same situation, which implies that thecriticality function can be consistently used to implement behavior models.The criticality function we have used in our experiments has thefollowing general form:Criticality = fc (t, c, s, l) =i f (t > Tmax) t h e n fc = 0e l s e i f (c + CSmin - s < 0)

28t h e n fc = 0e l s e i f (t < Tmin)t h e n fc = p4*(c+CSmin-s)p5*lp6)e l s e i f (l < Lmin)t h e n fc = p4*(c+CSmin-s)p5*lp6)e l s e fc = tp1*cp2*sp3*(c+s)p4*(c+CSmin-s)p5*lp 6 where, for the purpose of stating the criticality function in a more succinctform, we made the following notations for the (situation dependent) criticalityspace dimensions: t = Timep (is the time pressure)c = Consequences (of not reacting)s = Side-effects (of the reaction)l = Likelihood (of encountering the contingency)Parameters Tmax, Tmin, CSmin, Lm i n are dependent on the domain andare defined by the expert specifying the domain knowledge. Their meaninghas already been defined in the previous subsection. They are important inimplementing a specific behavior model. For example, if the upper thresholdon the time pressure Tm a x is made lower, than more contingencies will be leftout of the reactive plan since the agent estimates that there is not enough timeat execution time to give a timely response to these contingencies. Thisbehavior simulates the resignation behavior model [FAA, 1991] (the agentleaves responses to contingencies to others, since it believes there is no use totry to react to them, i.e. it believes that there is no time to take care of themanyway). On the other hand, taking Tm a x = • emulates a behavior intended toavoid legal liabilities by always doing something.Parameters p1 to p6 are also used to model different (human) behaviors:their relative values place the agent in different behavioral models and can beviewed as labels for human reactive behavior. For example, p1 > p5 > p6 > p2(with p3 and p4 very low) represents what is usually accepted as normalbehavior in the car driving domain: most importance is given to the timepressure and then to the difference between consequences and likelihood,with more emphasis on consequences; lastly, it also considers the likelihood ofoccurrence. Another behavior model in which consequences and especiallyside-effects are almost disregarded with respect to time pressure implementsan attitude of invulnerability - the agent is prone to risk taking and does notbelieve that anything wrong can happen to him. Again, it is important tonotice the robustness of our model: the only important thing about theseparameters are their relative values, and these can themselves vary widelywhile still obtaining consistent results. This property makes the life of thedomain experts participating in the knowledge acquisition and behavior modelspecification process much easier. In chapter 6 we shall discuss a number ofexperiments we have made and how they justify our claims for the frameworkr o b u s t n e s s . As stated before, the value of reaction associated with a contingencyinduces a total order relation on the set of contingencies associated with a

29certain situation. This is only a partial order on the set of all contingenciesknown to the agent, since contingencies in different situations may not(although sometimes can) be comparable according to their criticality values.This order relation is defined as: "A is more_critical_than B " if and only if:A and B are contingencies applicable in the same situation S, andA has higher criticality value than B , orA and B have same criticality, but A has higher consequences, orA and B have same criticality and same consequences, but A hashigher likelihood.This ordering characterizes the behavior model of the agent. It willsubsequently be used to choose the contingencies for which reactions areprepared (section 3.4.3).Different combinations of these parameters defining the criticalityfunction are used in both the theoretical and experimental evaluations toprove certain conjectures. In chapter 5 we claim that the parameterizedfunction defined here can implement the human reactive behavior modelsdescribed in the literature, and while we cannot formally prove this claim, wejustify it through the experiments discussed in chapter 6. Therefore, ourframework can also be used in psychological studies of "hazardous" attitudes incertain high-risk domains like nuclear power plant operation and airplaneflying. In section 6.3 we present and briefly evaluate a series of experimentswe have conducted with our framework to simulate a number of reactivebehavior models described in the literature.3.4. The Reaction Decision MakingMaking the actual decision of whether to include the contingency andits associated reaction into the reaction plan built for the current situation isthe second and last critical phase of our framework. This phase is based on allthe elements and the information previously acquired and computed by theframework. As shown in figure 3.7, there are two agent dependent models thatparticipate in this phase: the reactive planner model and the agent model.They synthesize the agent’s properties and the limitations on its resources atplanning time and execution time respectively. We first make a briefpresentation of these models and the information they are expected to contain,and then we give the actual algorithm for deciding whether to plan to react.3.4.1. The Reactive Planner ModelThe reactive planner model describes the planning time properties ofthe agent, and the characteristics of the reactive plans built by the agent andtheir relationships to the agent’s execution time resources (computational timeas well as other non-computational resources). This model must allow theagent, at planning time, to estimate the variations in execution time resourcerequirements with respect to the growth of the reactive plan, namely with thenumber of contingencies and reactions included in the reactive plan. This isaccomplished by the functions ft and fti in figure 3.11 which depicts theentire decision making process presented in this section.

30Reactive Planner Model: ft = ft0 , fti (i = 1,2,...)Agent Model:Kt , Ki (i = 1,2,...),fr0, fri (i = 1,2,...)Agent’sKnowledgeReactive PlanCharacteristicsftftiTimerResource1Resource2. . . . .ResourcenInclusion(yes / no)frSituationCriticalityTimer = ft (Situation, Criticality, Agent’s_knowledge, Reactive_planner_model)Resourcei = fti (Situation, Criticality, Agent’s_knowledge, Reactive_planner_model)Inclusion = fr (Timer, Resource1,..., Resourcen, Agent_model, Situation, Criticality)Figure 3.11. The Reaction Decision Making PhaseFunction ft estimates the time needed by the agent from the moment itdetects the existence of a contingency and until it can react to this particularcontingency, when the reactive plan known to the agent in this situationcontains the response to this contingency as well as responses to all thecontingencies with higher criticality which apply in the current situation.The reactive planner model assumes that the agent can devote all itscomputational resources to this task (this assumption is then taken care of bythe agent model, described in the next section, which takes into account anyoverhead that the agent may experience in that situation). Function ftestimates how much does the reactive response time increase, on average, byadding this contingency to the reactive plan.

31t21t11toot12t22t23t24C8C7C6C2C4C1C3C5(b) Decision Treet2t1toC2t3C4C1C3C5(a) Decision ListFigure 3.12. Two reactive plan modelsTwo commonly encountered examples of reactive planner models aredecision lists and decision trees. For a reactive planner based on decision lists(figure 3.12.a), the time to react increases approximately linear with thenumber of contingencies to be considered, since for each new contingencyadded to the reactive plan, a new test must be added to discriminate it.Therefore, the time needed to react to a contingency according to this modelwill be the sum of the times required for each test that has to be done beforedeciding on the contingency. If we assume the testing time to be roughlyconstant, then the estimated time to react becomes:T i m e r = test_time * rank_in_reactive_plani.e. is directly proportional to the number of tests to be performed which isequal to the number of levels in the decision list before the contingency inquestion. In figure 3.12, ti (i = 0,...,3) and tij (i = 0,1,2; j = 0,...,4) are tests to beperformed in order to determine the proper reaction to the contingency, andC i (i = 1,...,8) are the contingencies (and their associated reactions) for whichthe reactive plan contains responses. If the reactive planner uses decision trees to index the reactions in thefinal reactive plan, then the time to reach a response is closer to the logarithmof the number of contingencies (the base of the logarithm is equal to thebranching factor (assumed constant) of the decision tree), assuming again anapproximately constant testing time. Figure 3.12.b presents such a completebinary tree, for which the reaction time for each of the contingencies isr o u g h l y : T i m e r = test_time * log2 (number_of_contingencies_in_reactive_plan)i.e. is directly proportional to the logarithm of the number of contingenciestreated by that reactive plan (we assume complete decision trees, in which thek leaves (contingency-reaction pairs) are all situated at level m if k = 2m , or 2pof the leaves are at level 2m and the other k-2p leaves are placed at level 2m - 1 when k = 2m-1 + p, (1 < p < 2m-1).Similar reactive planner models can be built for other methods oforganizing the reactions in reactive plans.

32Functions ft i have the same mission for each of the other criticalresources of the agent (e.g. the amount of memory needed by the reactiveplan, as well as any other non-computational limited resources that the agentmight need in order to start its reactive response), as ft has for computationalt i m e . The two formalisms for structuring reactive plans mentioned above(complete binary decision trees and decision lists) deserve here a briefcomparison. At the first glance, a qualitative reasoning seems to imply thatdecision trees are better (or at least never worse) than decision lists. Afterrunning the experiments described in chapter 6, we have found out that this isnot necessarily the case. We shall show here when this is not necessarily true,and analyze and justify it. (A formalism is considered better if it can includemore reactions to more critical contingencies in the reactive plan to beexecuted by the same agent with the same resource characteristics andlimitations, in identical situations). During this discussion we will assume thatall the tests require the same amount of time (T), and that there are enoughtests available such that any arrangement of reactions in the respectivereactive models is possible. In this case, responding to the n-th contingency inthe reactive plan will take time T * n in the decision lists case, and T * log2 (n)in the case of complete binary decision trees.We must note two things here: (i) different contingencies may havesignificantly different time pressures (i.e. significantly different allowedresponse times), and (ii) a structural difference between decision lists anddecision trees is that the complete decision tree takes the same amount of timeto respond to all the contingencies, while decision lists respond faster tocontingencies placed towards the root of the list, and this response timeincreases with the distance of the condition from the root.Therefore, once the decision tree reactive planner has decided toinclude a given contingency (say C) in the reactive plan, it can only add somany contingencies to the plan until the estimated response time tocontingency C becomes larger than its allowed response time. This means thatthe decision tree formalism is actually limited by the contingency with thehighest time pressure which the agent decided to include in the reactive plan.This is not the case however for reactive planners based on decision lists.Here, the contingencies with the highest time pressure can be placed towardsthe root of the tree, and the response time to them will not be affected by thenumber of contingencies covered by that reactive plan. Therefore,contingencies with lower time pressure can still be added towards the end ofthe decision list, since they allow for a longer time of response, and will notaffect the response time for contingencies placed higher on the list. A numberof experimental results which support this analysis (actually, as we statedearlier, they have prompted this analysis) are presented and discussed insection 6.2.In summary, when the response times allowed by the contingenciesunder consideration vary within a small relative range, the decision treebased reactive planner will be able to include more such contingencies (sinceall its leaves are reached in roughly the same amount of time). On the otherhand, when the time pressures of the contingencies vary widely (which tendsto be the case in real-world domains), decision lists are better suited forincluding responses to a larger number of contingencies, since testing first

33for contingencies with shorter time of response allows timely reactions tomore contingencies with lower time pressure. Naturally, the best solutionwould be an incomplete decision tree which combines the advantages of bothf o r m a l i s m s . In this thesis, we assume that the agent has enough planning resourcesand time to build the most comprehensive reactive plans which do not exceedits execution time resource limitations. However, this framework may also beapplied when dynamically replanning courses of actions, and when thelimitations on the agent’s planning resources needed to build such reactiveplans may become a factor to be considered. In such cases, the reactiveplanner model may also be required to estimate the complexity of the reactiveplan structuring algorithm. This estimate can then be taken into account byour framework, and may lead to the decision of reducing the set of conditionsto be included into the reactive plan, in order to ensure that the time requiredto construct the reactive plan will not exceed the time allowed for this task.3.4.2. The Agent ModelThe second agent dependent model involved in this later stage of theframework in which the agent makes the actual decision of whether to includethe contingency and its associated reaction into the reaction plan built for thecurrent situation is the agent model. It synthesizes the agent’s properties andthe limitations on its resources at execution time.The agent model describes the (situation dependent) responsecapabilities of the agent (figure 3.11). The functions (fr i ) describe thevariation of the availability of resource i (i=0 for computational time) due tothe fact that the agent cannot devote its entire resourcei exclusively toresponding to that contingency. For example, the computational load on theagent slows its responsiveness by a factor Kt greater than 1, and can beexpressed by: fr0 (timer) = timer * Kt ; or if the agent can devote itself to solving this contingency only after someconstant time Ka , then fr0 (timer) = timer + Ka,and so on.The agent model also supplies the amount of each resource (K1, K2, ...)that may be allocated to reacting in the given situation, for thenon-computational resources. Example of non-computational resources are, inthe anesthesiology domain, oxygen masks and ventilators. Such resources areavailable in limited quantity, and also may only become available after acertain waiting period. The agent model does not have to specify such anupper limit on the availability of resources for computational time, since thisis already specified separately for each contingency through the reactiontime allowed to respond to it (the time pressure dimension of the criticalityspace values associated with the condition in the agent’s knowledge base).T h e a g e n t m o d e l i s v e r y i m p o r t a n t i n d o m a i n s w h e r e non-computational resources may not be available all the time, but may beobtained after some waiting period (as in medical domains like anesthesia orintensive care monitoring, or in nuclear power plant operation).By comparing the requirements of each of the agent’s run timeresources, for the set of the previously included contingencies plus the

34current contingency under consideration, with the limitations on theavailability of that respective resource (given by the agent model fornon-computational resources and the agent’s knowledge base for time), theagent can decide whether this contingency can be included in the reactiveplan for the current situation or not. We shall analyze this decision process indetail in the next subsection.3.4.3. Deciding Whether to Prepare to ReactThe final purpose of this entire framework is to decide, for eachcontingency-response pair associated with a given situation, whether topreplan the reaction to it or not. As shown in figure 3.11, this decision is takenby comparing the estimated execution time resource requirements for theagent to respond to all the contingencies already decided to be included in thereactive plan plus the contingency currently under consideration, with theallowed response times for each of these contingencies in that situation.Given the criticality of the current contingency and the set of the othercontingencies known possible in the current situation, this decision processproceeds as follows: the framework computes the agent’s execution timeresource requirements to respond to any of the contingencies as:Resourcei = fti (Situation, Criticality, Agent’s_knowledge, RP_model) for each resourcei (i = 0,1,...) of the agent (for a unitary exposition we shallsometimes call the agent’s computation time as resource0 ; all other resourcesof the agent (possibly including the amount of memory needed by the reactiveplan, as well as other domain dependent critical and limited resources likeventilators in an intensive care unit, etc.) are numbered starting with 1. Thefunctions ft i are given by the reactive planner model, and estimate theincrease in resourcei requirements by adding this new contingency-reactionpair to the reactive plan. For i = 0, ft0 = ft estimates how much does the reactiveresponse time (considered from the time a contingency is detected, and until areaction to resolve it can be taken) increase, on average, by adding thiscondition to the reactive plan. As discussed in subsection 3.4.1, ft isapproximately linear for decision lists and roughly logarithmic for decisiontrees. Obviously, the better the reactive planner model is (i.e. the better theseestimates are), the better use of the execution time resources of the agent willbe ensured by the selected set of contingencies.As we have mentioned in section 3.3.1, the decision to monitor for acontingency is taken based only on the criticality value of the contingency,and independent of the reactive plan characteristics. The reason is that thedecision to include a reaction for a contingency is taken dependent on theagent’s run-time resources and performance, which may change over time,but are not taken into account for monitoring purposes. Also, thesemonitoring actions may detect a contingency for which no reactive responsewas prepared, but for which the agent has the resources to dynamicallyreplan its response. The decision to monitor is taken as a threshold function onthe criticality of the contingency:Monitor = fm (Criticality) = (criticality ‡ MON) = i f (criticality ‡ MON) t h e n fm = yes

35 elsefm = no .where MON is the monitoring threshold defined by the expert in the expertmodel (section 3.3.1).The final decision of preparing a reaction for the currently analyzedcontingency is taken by the function fr:React = fr (Timer, Resource1 ,...,Resourcen , Agent_model, Situation, Criticality)=i f criticality < MONt h e n fr = noe l s e i f fr0(Timer) > Timerc t h e n fr = noe l s e i f fr1(Resource1) > K1t h e n fr = noe l s e i f fr2(Resource2) > K2t h e n fr = no . . . . .e l s e i f frn( R e s o u r c e n ) > Knt h e n fr = noe l s e fr = yes .= (monitor L £ Ki))) , where resource0 is the real computational time, and K0 = Timer c is the realresponse time allowed by the contingency for the response to be startedwithout consequences (the time pressure dimension of the criticality spacevalues for this contingency).The functions fr i are given by the agent model, and describe theexecution time overhead imposed by other processes which the agent has toattend to in the same time in which it must respond to the contingency.Equivalently, they describe the availability of resourcei for this reactive plan.They may be therefore situation dependent, and can be described as such inthe agent model. A common expression for these functions is of the form:fri (resourcei) = resourcei * kt + ka ,where kt is the overhead due to the agent’s load (or the portion of it which canbe expressed as a delaying factor), and ka is an initial delay or cost associatedwith the use of that resource (for example, a process which cannot start beforea certain lead time, or a resource which cannot be delivered to the agentbefore a waiting period has elapsed). All these parameters must be specified bythe agent model.// input: a situation// output: a list of reactions (symptoms-actions pairs) for that situationcr-list <- extract from the agent’s KB all contingency-reaction pairs matching situation;// cr-list is the set of all the contingencies known to the agent to be possible in situationfor each contingency in cr-list dotime-pressure <- ftc (timerc);// expert modelcriticality <- fc (time-pressure, consequences, side-effects, likelihood);// behavior modelif criticality > MON

36then monitor <- true else monitor <- falseif not monitor then eliminate this contingency from cr-listenddocr-list <- order cr-list by criticality value, then by consequences, then by likelihoodinclude <- ()// include is the set of all the contingencies to be included in the reactive plan //associated with situationfor each contingency in cr-list dotimer <- ft (include + contingency, situation) ; resourcei <- fti (include + contingency, situation);inclusion <- fr (timer, resource1, ..., resourcek, timerc, k1, ..., kk)// fr returns true iff there are enough resources to respond reactively to all //contingencies previously added to the list include and to the currently //considered contingency.if inclusionthen add contingency to includeenddoreturn the list include.Figure 3.13. Reaction decision making algorithm

37function fr (timer, resource1, ..., resourcek, timerc, k1, ..., kk) //returns true iff there are enough resources to respond reactively to all contingencies //previously added to the list include, and to the currently considered one.if fr0 (timer ) > timercthen return NO;for i = 1 to number_of_agent_resources doif fri ( resourcei ) > kithen return NO;enddofor each contingency in include doif fr0 (contingency.timer ) > contingency.timercthen return NO;for i = 1 to number_of_agent_resources doif fri (contingency. resourcei ) > kithen return NO;enddoenddoreturn YES.Figure 3.13. Reaction decision making algorithm (continued)One final set of parameters specified by the agent model are theexecution time resource limitations of the agent (Ki , i = 1,2,... , in the formulafor fr above). They do not include Timer c which is a characteristic of thecontingency and therefore is specified in the agent’s knowledge base. Thus,what the decision function does is simply to check that:(i) the contingency is critical enough to be at least monitored for,(ii) the agent will have enough time at execution to respond to thiscontingency in the context of the larger set of contingenciesconsidered for reactive response in the same situation,(iii) none of the execution time limitations of the agent resources (besidescomputational time) may be exceeded when attempting to respond tothis contingency, considering the entire reactive plan containing it(i.e. all the contingencies with higher criticality, already decided to beincluded in this reactive plan), and(iv) the agent’s run time resources are still enough to respond properly toall the contingencies previously included in the reactive plan, whenthis new contingency is added to the reactive plan.This decision process ensures that no reaction is included forcontingencies which are not monitored for, and that there is enough availableof each resource in order to attempt a reaction for all the contingenciesincluded in a reactive plan. For the computational time resource, this meansthat the time needed to start a reaction to the contingency is less than the realtime allowed before the action must be taken (otherwise the reaction becomesuseless).Figure 3.13 makes a brief summary of the algorithm for deciding, givena plan execution situation, on the set of contingencies to be included in a

38reactive plan which will be associated with the conditional plan before theactual execution starts. The actual decision function fr is presented separatelyin the second part of the figure.The fourth test mentioned above essentially repeats the second andthird tests (carried out by the functions fr i , i = 0,1,...) for each of thecontingencies already decided to be included in the reactive plan. It must bedone each time a new contingency is considered for addition to the reactiveplan, because the addition of the contingency, while possible from the point ofview of the restrictions imposed by its characteristics, may increase theresource requirements to respond to previously included contingencies andmay therefore exceed the restrictions imposed by their criticalitycharacteristics. For example, in the case of a reactive planner based ondecision trees, adding a new contingency may force the reactive planner toadd one more level of tests in the decision tree, and thus increase the responsetime to all the contingencies included in this reactive plan. This way, some ofthem may now exceed the real time allowed for reaction to be taken, and theirreactions may become useless in that situation. (Conform to the analysis insection 3.4.1, the time to react to all the contingencies contained in a reactiveplan with a complete decision tree structure is approximately constant andproportional to the depth of the decision tree).The decision function fr is applied in turn to each contingencyconsidered for the current situation, in the order given by their criticalityvalues, as defined in section 3.3.2 (each time, it applies each of the functionsf ri , i = 0,1,..., to each of the contingencies already included in the reactiveplan and to the current contingency, considering the reactive plan to includethis contingency plus all the contingencies previously decided to be includedin the reactive plan for this situation). This iterative process is continued untileither all the agent’s execution time resources are estimated to be exhausted, orno more contingencies are known to the agent to be possible in the currents i t u a t i o n . This concludes the presentation of our framework for deciding whetherto plan to react. Given a plan situation and a set of contingencies known to theagent to possibly appear in this situation, it decides for which of thesecontingencies the agent may prepare reactive responses, considering theexecution time limitations on the agent’s resources. In the next two chapterswe present a knowledge representation formalism to help the agent to copewith the considerable amount of knowledge related to this decision process,and theoretical justifications for some properties of our decision framework.Then, in chapter 6, we present the results of our experiments using thisframework. But before doing all this, let us see how the ideas presented so farcan be applied to a related problem: given a plan situation and a set ofcontingencies known to the agent to possibly appear in this situation, decidefor which of these contingencies the agent should prepare complete branchesin the main conditional plan.3.5. Conditional PlanningWe briefly discuss here how the framework presented so far fordeciding whether to prepare to react to a contingency can be modified toanswer the question of whether the agent should prepare in its plan a full

39conditional branch for a contingency. We first resume our discussion ofsection 2.1 regarding possible classifications of contingencies, and then weadapt the previous framework to this new task.3.5.1. Contingencies RevisitedIn section 2.1 we have identified there types of contingencies that mayappear during the execution of a plan. They are classified according to theaction taken by the agent at planning time to prepare for their occurrence atexecution time. These types of contingencies are:( i ) contingencies for which the planner builds complete c o n d i t i o n a l b r a n c h e s , from the contingency state to the goal state, in the main plan.As an example, suppose that the agent has two alternative routes fordriving to work in the morning, depending on the color of a particulartraffic light when the agent reaches it: the regular plan assumes thecolor is green, and the alternate branch is conditioned on the colorbeing red. For a non-driving commuter, the plan may involve walkingor taking a bus, depending on the weather, and so on.( i i ) contingencies for which the agent prepares r e a c t i v e responses,combined into reactive plans by a reactive planner, and attached toappropriate segments of the complete plan provided by the conditionalplanner. An obvious example is the one we used before, involving achild running in front of the car.(iii) contingencies ignored by the agent at planning time; their treatmentat execution time can fall under two subclasses:(a) dynamic r e p l a n n i n g , if the agent has enough resources at executiontime to perform it. As example, suppose that the agent encounters atraffic jam on a seldomly traveled route, for which it did not botherto prepare a conditional plan branch before execution.(b) n o o p , that is take no action, either because the consequences of thecontingencies are not high enough to warrant an action, or becausethe agent simply does not have the resources to take an action tosolve them (e.g. they have a too short response time allowed). Anextreme example may be the contingency involving the meteorfalling on the car, which we have encountered in table 3.1.The justification for this classification is mainly related to the limitedresources that a real agent can use. For a few contingencies, the agent cangenerate complete plans and combine them in a conditional plan. However,the agent’s limited planning and execution resources do not allow for too manycontingencies to be treated this way. Still, the agent can prepare at planningtime reactive responses for a larger set of contingencies; these responses willnot ensure full solutions to the goal state, but they will give the agent thepossibility to dynamically replan its actions at execution time. But in no casecan a real agent with limited resources prepare for all possible contingenciesin a real world application domain. Many of these contingencies must beignored at planning time.Let us intuitively analyze now the characteristics of the examplesgiven, and try to feel the qualitative differences among these classes ofc o n t i n g e n c i e s . In the previous conditional planning example, the contingencies occuroften, i.e. with a high likelihood (the occurrence probability may approach50%, but should not exceed it, since if it does, then the contingency shouldrather be considered the normal case and the main plan should be build

40accordingly). Also, a solution to the contingency requires the preparation ofan entire plan branch all the way to the initial goal (since the execution timemay be critical and thus replanning cannot be used at any stage beforereaching the goal, i.e. a local situation stabilizing response to the contingencyis not sufficient), as well as certain resources whose availability must beplanned in advance (e.g. an umbrella, or the correct set of maps for thealternate route to be traveled).For the reacting case we have already devised a comprehensiveframework stating the main necessary characteristics for a contingency to beconsidered appropriate for a reactive response. For the previous example, theyinclude critical response time and high consequences of not responding. Animportant characteristic is also that a short response (already available) issufficient to stabilize the situation and allow for replanning of the agent’sactions all the way to the initial goal.The rest of the contingencies will be ignored at planning time, but wehave been able to further subclassify them. The ones for which the agent willtry to replan at execution time should not occur too often (otherwise aconditional branch may be appropriate), and should also allow for enoughtime for the agent to be able to build the new course of action. Finally, thecontingencies for which the agent will take no action anyway (e.g., thefalling meteor case) do not allow for enough time to respond to them, in anycircumstances, given the agent’s limited resources and execution capabilities.In section 3.2.3 we introduced a criticality space, which is one possiblerepresentation of the space of contingencies, whose dimensions areappropriate for reaction decision purposes. To facilitate the understanding ofthe relationships among the classes of contingencies, we shall attempt here asimpler and more general graphical representation of the space ofcontingencies, which can depict all the classes mentioned above. Thisrepresentation can conceptually be obtained from any more complexrepresentation (like the criticality space mentioned before, or the importancespace to be introduced later on in this section), by projecting the points in thespace onto points in the simpler spaces defined here.noopconditionalplanningreactingreplanningcriticalityFigure 3.14. Contingency space - linear representationThe simplest representation for the space of contingencies is a linearspace in which contingencies are ordered by either criticality (as definedbefore) or importance (as defined further in this section). Figure 3.14 showsthat such a representation can outline the most frequent transitions betweenbordering classes, but cannot represent other still possible borderings likebetween reacting and noop (e.g. determined by allowed response time), orconditional planning and replanning (determined, for example, by theplanning time needed). Therefore, a planar representation (figure 3.15) ismore appropriate. The dimensions here are the reaction response value andthe planning response value for the contingency. While much better, thisrepresentation still does not represent the direct relation between conditionalplanning and noop (which, to be fair, is the least frequent one, so thisrepresentation can be used for most purposes). We have therefore devised a

41third, 3-D surface representation using a spherical surface (figure 3.16). Theorthogonal dimensions (akin to latitude and longitude) are the same as for thesecond representation, and it can represent all the borders between pairs ofclasses.

noopconditionalplanningreactingreplanningreactingvalueplanningvaluechildmeteorinfrequenttraffic jamfrequent redtraffic lightFigure 3.15. Contingency space - planar representationThe examples given with the informal description of these classes at thebeginning of this section constitute extreme cases in each class (figure 3.15).In between these extreme cases there is an entire space of contingencies forwhich more than one (in some cases even all) of the response alternativesmay be justified. The borders among these classes in the space ofcontingencies associated with a particular agent are determined by the agent’sresource capabilities and limitations. For example, conditional planning andreplanning are separated mainly by the agent’s planning resources,replanning is circumscribed both by the agent’s planning and executioncapabilities, while reacting is mainly characterized by the agent’s executioncapabilities.Due to the way the different classes of contingencies have been defined,in order to be able to best classify a given contingency, we only need classmembership decision frameworks for two of them, namely conditionalplanning and reaction. We have already defined a framework for decidingwhether the agent should prepare a reaction to a contingency in a givensituation. In the rest of this section we will give a description of a frameworkto decide whether to prepare a conditional plan branch for a contingency in agiven situation.

42noopconditionalplanningreactingreplanning

planningvaluereactingvalueFigure 3.16. Contingency space - 3-D surface representationThere are two qualitative differences between conditional planbranches and reactions. The first is that conditional plan branches representglobal solutions to the initial problem, that is, they are sequences of actionswhich ensure that the agent reaches the goal (in the absence of othercontingencies). Reactions on the other hand are only single (or shortsequences of) actions, intended only to stabilize the situation so that the agentcan then take its time to replan a solution from the state reached afterreacting to the initial goal. Therefore, on one hand reactions can be seen asthe first steps of incomplete conditional branches, but in the same time theyare more generally applicable than specific plan branches. There is also noassurance that after executing a reaction, the agent may find a plan to get it tothe initial goal, i.e. it is possible that the planner may subsequently find nosolution from the state in which the agent finds itself after completing thereaction to the goal; this is not the case for conditional plan branches,assuming no other contingencies are encountered. Therefore, we alwaysassume that a conditional planned branch is a better solution than a reactionto the same contingency, and as a consequence, given a set of contingenciesfor a situation, the conditional planning decision framework should be appliedbefore the reaction one.The second difference involves the planning process itself. Inconditional planning, the planner has to work out a solution (sequence ofactions) from a given state (the contingency) to the goal. In reactionplanning, as assumed throughout this thesis, the agent already knows (in itsknowledge base) the best reactions associated with contingencies forapplicable classes of situations, so the only task of the reaction planner is tocombine the reactions associated with the set of contingencies to be preparedfor, into a structure which will be conveniently searched at execution time todetermine the actual contingency encountered and its associated reaction (e.g.decision trees, decision lists, etc.). Therefore, planning time is definitely ofimportance in conditional planning, but may not be an issue whenstructuring a reactive plan from a set of known reactions (if it cannot beignored, then, as mentioned in section 3.4.1, the complexity of the reactiveplan structuring algorithm can be taken into account in the Reactive Planner

43Model, to further prune the set of contingencies for which reactions should bep r e p a r e d ) . Having noted these differences, we must now acknowledge that theparticular decision frameworks associated with the two classes ofcontingencies have very similar underlying structures, so their presentationsmay obey the same general lines. There are significant analogies between thetwo problems and their solutions. They would suggest taking a unitaryapproach and combine the two frameworks into a single one, with aestheticalbenefits of uniformity and elegance in presentation. However, we believe thatthis would yield an unnecessarily complex framework, intuitively difficult topresent and understand. Therefore, as well as for easier understanding and tokeep each framework manageable, we decided to present them separately. Thisis also in agreement with the way in which an agent should apply them,although in different order. Indeed, the frameworks may indicate that certaincontingencies are suitable for both conditional branch and reactionpreparation. In these cases a conditional branch should be prepared, since it isassumed to be a more accurate solution, as argued before.We first presented in sections 3.1 to 3.4 the reaction decision framework(which is the main topic of this thesis). In the remainder of this chapter weuse analogies with the previous presentation to describe the conditionalplanning decision framework, by pointing out their similarities anddifferences. We transform one framework into the other by removing, addingand replacing some of its elements. Since the two frameworks are very close inform (although with underlying differences in content), an aestheticallyinterested reader can easily merge them together if he or she so desires. 3.5.2. Framework for Conditional Planning DecisionLet us first state the conditional planning decision problem, in a formsimilar to the one used in section 2.2 for reaction. We assume the agent hasbuilt a linear main plan to go from an initial situation to a given goal. Theissue then is to enable the agent, for each phase of the already built mainplan, to select the right set of contingencies for which to prepare conditionalbranches all the way to the goal. That is, the p r o b l e m is to specify a decisionframework which:m given:l an intelligent agent with:G capabilities:F planning and dynamically replanningF monitoringG constraints:F limited resourcesF real-time performancel a linear plan by which the agent can achieve its goall a set of contingencies known to possibly appear at certain timesduring the plan execution, and for which the agent may plan aconditional branch, each with:G known characteristics, associated with it (e.g. gravity ofconsequences, time deadlines) and with preplanning aconditional branch for it (e.g. resource requirements)G characteristics of their replanning alternatives (replanning timeand other resource requirements)

44m e n a b l e the agent to decide for which contingencies to prepareconditional branches in the plan (according to a desired behaviorpattern) while not exceeding the agent’s planning capabilities andpreserving the real-time responsiveness of the agent to all thesecontingencies, given its limited resources.Planner ModelAgent ModelAgent’sKnowledgeBehavior Model: fiSituation Contingency(& characteristics ofit and of planningits response path) Importance(conditional planning value)Prepareplan branch(yes / no)fiFigure 3.17. Overview of the Conditional Planning Decision FrameworkAs can easily be seen by comparing the two problems, they are similarenough such that a solution to the second problem can be obtained byrelatively small modifications to the framework solving the first one. In fact,the high level overview of the conditional planning framework shown infigure 3.17 is very similar in form to the one for the reaction frameworkdepicted in figure 3.2. There are however a few underlying differences to bepointed out:m the knowledge available to the agent and associated with thecontingency does not include the response to it, but only some generalcharacteristics (outlined in section 3.5.3) of the planning process to bedone for that contingency;m the criticality (reaction value) computed by the reaction decisionframework is replaced by an importance value (conditional planningvalue) which synthesizes how important it is for the agent to prepare aconditional branch for that contingency, i.e. what is the value ofpreparing a conditional branch for it in the plan vs. leaving it forother possible treatments;m the reactive planner model is replaced by a model of the conventionalplanner used to build the initial plan and the conditional branches;m the final decision of the framework is now whether to prepare a branchin the plan, instead of whether to include a reaction to the contingencyin the reactive plan associated with it.Also, the agent model and the behavior model will reflect slightlydifferent characteristics in the two cases, and the functions used to calculate

45the conditional planning values and the final decision are based on somewhatdifferent variables, as will become evident soon.Figure 3.18 presents in more detail the flow and source of informationthrough the new framework. Again, the comparison with the generalframework for the reaction case (figure 3.3) shows obvious similaritiesbetween the two frameworks. The differences between the two frameworks atthis level of detail and functionality are basically the same as the onesmentioned above for the higher level of abstraction used in the overviewp r e s e n t a t i o n . Let us now briefly discuss each element of our new framework, andcompare it where appropriate to the equivalent element of the reactiondecision framework. First, the situation spaces are identical in the twoframeworks, since a situation has the same definition and characteristicsrelated to contingencies, regardless of the kind of response we prepare fort h e m . 46.

PlanCharacteristics

Situation Space

Importance Space

Expert Model

Planner Model

Agent Model

Agent’sKnowledge

Behavior Model: fi

Situation

Contingency

Importance(conditional planning value)

Prepare branch(yes / no) fiFigure 3.18. General Framework for Conditional Planning Decision

47Two parts of the framework require special attention here. The firstestablishes the conditional planning value of the contingency, and the secondtakes the actual decision of whether to prepare a conditional branch for thecontingency. They are briefly discussed in the following two subsections, andthen we conclude this presentation with a summary of the entire frameworkput together. 3.5.3. Establishing the Conditional Planning ValueFigure 3.19 presents the part of the framework concerned directly withcalculating a conditional planning value for the contingency in the givensituation. It is similar to figure 3.5 which shows the criticality space and theprocess of calculating the reaction value for a contingency. We shallconcentrate here on the differences between the two frameworks at this stage:m the criticality space is replaced by an Importance Space which uses 5dimensions to characterize a contingency from the conditionalplanning point of view. These dimensions are:l T i m e p - represents the same time pressure as in the reactive case; it isobtained from T i m e r c - the time allowed to respond to thecontingency, once an unexpected state is detected (same as in thereactive case).l P T i m e - is the estimated planning time needed to build a branch forthis contingency at planning time (e.g., the time needed to plan thealternative route, starting with a right turn at traffic light B, all theway to the office); the simplest estimate may be, for example, theplanning time used to build the original plan from that point up tothe goal.l C o n s e q u e n c e s - summarizes the consequences of not responding to thecontingency in the time allowed (same as in the reactive case).l P R e s o u r c e s - is a measure of how hard (time consuming, agentresource consuming and any other costs involved) it is to obtain, atreplanning time (during execution) the resources needed to replanand carry out this plan branch (if not preplanned in advance).Besides actual planning and replanning times, this also involvesresources not needed in carrying out the initial plan, but which maybe needed for replanning purposes (like maps which may be hard toobtain along the way) or for carrying out the alternate plan branch(like an umbrella if it rains, or in medical domains a ventilator orcertain test results).l L i k e l i h o o d - represents the likelihood of occurrence of thecontingency in the given situation (same as for reaction).m the I m p o r t a n c e value which orders contingencies by their conditionalplanning value (in the same way as criticality does for reaction).m the function (fi) calculating the importance value for a contingency hasthe form:Importance = fi (t, pt, c, pr, l) =i f (t > Tpmax) t h e n fi = 0e l s e i f (t < Tpmin)t h e n fi =

48e l s e i f (pt > PTpmax)t h e n fi = e l s e i f (pr < PRpmin)t h e n fi = e l s e i f (l < Lpmin)t h e n fi = e l s e fi = tp p 1 *ptp p 2 * c p p 3 *prp p 4 *lp p 5 where, for the purpose of stating the importance function in a moresuccinct form, we made the following notations for the (situationdependent) importance space dimensions: t = Timep, pt = PTime, c = Consequences, pr = PResources, l = Likelihood.The two kinds of parameters involved are:l (conditional) preplanning behavior model parameters: pp1 to pp5 ;l parameters specified by the expert model: Tp m a x , Tp m i n , PTp m a x ,P R pmin, Lp m i n . They are domain dependent and are defined by theexpert specifying the domain knowledge. Their meaning is definedbelow. m the Expert Model reflects the new dimensions of the importance space. Itmust specify the following:l f u n c t i o n s : G f t c : transforms (as for reaction decision) real-time values intotime-pressure values, inversely proportional, so it has thegeneral form:Timep = ftc (Timerc) = k / Timer c l p a r a m e t e r s : G T p m a x - time pressure threshold - for greater time pressure, anyattempt of response is useless (akin to Tm a x for reactiondecision);G T p m i n - time pressure threshold - for smaller time pressure,dynamic replanning is possible (and thus less costly, since it willbe done only if the contingency actually arises); akin to Tm i n forthe reaction framework;G P T m a x - planning time threshold - if the estimated planning timerequired is longer than this threshold, then the agent may not beable to complete the conditional branch in the estimatedavailable planning time;G P R m i n - replanning resources threshold - for smaller values, theagent has enough execution time resources such that replanningis possible (and presumably less costly);G L m i n - likelihood threshold - if lower likelihood, the cost ofpreparing a conditional branch for this contingency in thissituation is probably unjustified (same as for the reactiondecision framework).m the parameters of the Behavior Model (pp1 to pp5 ) also reflect the newdimensions of the importance space as well as the new functioncomputing the importance value.

49TimepConsequencesPResourcesLikelihoodExpert Model:Tpmax, Tpmin,PTmax, PRmin,Lpmin, ftcSituationContingencyTimercftcImportance Spacefi Importance (conditionalplanning value)Timerc = f1 (Situation, Condition) Consequences = f2 (Situation, Condition)PTime = f5 (Situation, Condition) Likelihood = f4 (Situation, Condition)PResources = f6 (Situation, Condition) Timep = ftc (Timerc) = k / TimercImportance = fi (Timep, PTime, Consequences, PResources, Likelihood)PTimeBehavior Model: fiFigure 3.19. Establishing the Conditional Planning ValueNote that the time to preplan a conditional branch may be differentfrom the time to replan it at execution time, because of different resourcesavailability and different information availability; in the driving example,when building the plan at home we may have all the necessary maps, some ofwhich may be unavailable when replanning later on during the execution ofthe initial plan, and obtaining them may be time consuming, thus making theinitial planning time shorter than replanning time. On the other hand, whenreplanning, the agent may have access to more accurate state informationthan at initial planning time, and therefore the initial planning time may inthis case be longer than the replanning time (for example, when the agentmust replan its route due to a traffic jam, it has more knowledge about whichalternatives are available for faster traffic flow, than it could have before itactually reached this point in the plan execution).Also note that side-effects are not taken into account in this framework,since once prepared, the conditional branch is executed as a regular planwhich under normal circumstances leads to the final goal (the side-effectswere a measure of the risk of not being able to reach the final goal anymore,once the reaction is executed). 3.5.4. Deciding Whether to Plan a Conditional BranchFigure 3.20 presents the part of the framework concerned with the finaldecision of whether to prepare a conditional branch for the contingency inthe given situation. It is similar to figure 3.11 which shows the reactiondecision making phase of the previous framework. We shall outline here thedifferences between the two frameworks at this stage:m the reactive plan characteristics space is replaced by a P l a n C h a r a c t e r i s t i c s S p a c e whose dimensions characterize the entireconditional plan to be built, from the point of view of the agent’splanning and execution resources. These dimensions are:l T P T i m e - measures the total planning time needed by the planner, if aconditional branch for this contingency will be planned in addition

50to the main plan and conditional branches for the contingenciesalready selected for conditional planning;l T i m e r - is the estimated time needed by the agent to respond, atexecution time, to this contingency, given that the conditional planincludes a branch for it together with branches for thecontingencies already selected for conditional planning (similar tothe reaction framework);l R e s o u r c e i (i = 1,2,...) - represents the total requirements imposed onthe agent’s i-th resource by the conditional plan containing abranch for this contingency as well as branches for thecontingencies already selected for conditional planning (similar tothe reaction framework); an example of such a resource may bememory amount required by the plan, which is separatelyrepresented in figure 3.20 by the total plan size (P S i z e ) . TimerPSizeResource2. . . . .ResourcenTPTimeAgent Model: Ktp, Kp , Kq,Ki (i = 1,2,...), fbAgent’sKnowledgeSpace of PlanCharacteristicsfpfpiPreparebranch(yes / no)fbSituation Importance(conditional planning value)TPTime = ftp (Situation, Importance, Agent’s_knowledge, Planner_model)Timer = fp (Situation, Importance, Agent’s_knowledge, Planner_model)PSize = fp1 (Situation, Importance, Agent’s_knowledge, Planner_model)Resourcei = fpi (Situation, Importance, Agent’s_knowledge, Planner_model)Prepare_branch = fb (TPTime, Timer, PSize, Resource2,..., Resourcen, Agent_model, Importance, Situation)Planner Model:functions to estimate:TPTime, PSize,Timer, ResourceiftpFigure 3.20. The Conditional Planning Decision Making Phasem the P l a n n e r M o d e l reflects the new dimensions of the plancharacteristics space. It must supply the following functions to estimatevalues for these dimensions:l ft p - estimates the time needed to build the plan, including a branchfor this contingency (in its simplest form, it may simply add thealready estimated times to build each individual branch);

51l fp - estimates the time needed to respond to the contingency when theplan includes conditional branches for it and for all contingencieswith higher importance (similar to the reaction decisionf r a m e w o r k ) ; l fpi (i = 1,2,...) - estimates the amount of resourcei needed to respond tothe contingency when the plan contains conditional branches for itand for all contingencies with higher importance (similar to thereaction decision framework); for i = 1, the function estimates theamount of memory the agent needs in order to accommodate thisconditional plan.m the A g e n t M o d e l also reflects the new dimensions of the plancharacteristics space. It must specify the following:l estimated maximum resource amounts that may be allocated by theagent to this task:G K tp - the maximum planning time allowed to build the conditionalplan (i.e. before any execution begins)G K 1, K2, ... - the maximum amount of resourcei (i = 1,2,...) available atexecution time (i = 1 for memory availability or, equivalently,plan size)l functions to estimate resource utilization:G f b p - the increase in planning time due to the agent’scomputational overhead at the time of planning; it may be of thef o r m : fbp (TPtime) = TPtime* Kpwhere Kp is a factor greater than 1, or:fbp (TPtime) = TPtime + Kqif the agent can devote itself to planning for this contingencyonly after some constant time Kq, and so on.G fbi (i = 0,1,...) - the variation of the availability, at execution time,of resourcei (i=0 for computational time; i = 1 for memory or plansize) due to the fact that the agent cannot devote its entirer e s o u r c e i exclusively to responding to that contingency (same asthe functions f r i for the reactive plan characteristics space inthe reaction decision framework).l the function (fb ) making the actual decision for a conditional branchp r e p a r a t i o n : Preplan = fb (TPTime, Timer, PSize, Resource2, ... ,Resourcen,Agent_model, Importance, Situation) =i f fbp(TPTime) > Ktp t h e n fr = noe l s e i f fb0(Timer) > Timerc t h e n fr = noe l s e i f fb1(PSize) > K1t h e n fr = noe l s e i f fb2(Resource2) > K2t h e n fr = no . . . . .e l s e i f fb n (Resourcen ) > Knt h e n fr = no

52e l s e fr = yes .= £ Ki)) , where resourcep is the planning time, resource0 is the executionreal computational time, and K0 = Timer c is the real response timeallowed by the contingency for the response to be started withoutconsequences (the time pressure dimension of the importance spacevalues for this contingency).Figure 3.21 shows a detailed summary of the framework for selectingthe contingencies for which complete conditional branches are to beprepared. We shall not continue the discussion on this topic, since this thesis ismainly concerned with developing the reaction decision framework, and wehave included the presentation of the conditional planning framework only topoint out that, after we have one of the two frameworks well defined andexperimentally proved adequate, the other one can be developed using acertain degree of analogy. 53.

Figure 3.21. The Conditional Planning Decision Framework

Situation Space

Problem

PlanAction

Context

Internal

External

Expectations

Times

Situation

Agent’sKnowledge fs

fp fpiTimer

PSize

Resource2

. . . . .

Resourcen

Preparebranch(yes / no) fbftpTPTime

Planner Model:functions to estimate:TPTime, PSize,Timer, Resourcei

Agent Model: Kp, Kt , Ks,Ki (i = 1,2,...), fb

Timep

Consequences

PResources

Likelihood

Expert Model:Tpmax, Tpmin,PTmax, PRmin,Lpmin, ftc

Contingency

Timerc ftcImportance Space fiPTime

Behavior Model: fi

PlanCharacteristics

Importance(conditional planning value)

54Figure 3.22 presents two examples of contingencies that may warrantconditional planning of branches to solve them. They are both taken from thedriving domain, but may appear in significantly different circumstances, andthey both largely illustrate the way the framework is intended to be applied.SpaceDimensionsCar driving to workCar driving to RenoProblemGo from home to workGo from Palo Alto to RenoPlanDrive carDrive car on I80Situ-ContextMorning, commute timeWinter, night timeationActionApproach intersection BApproach SacramentoInt ExpectObserve traffic lightSee SacramentoExt ExpectHeavy trafficDark (night time)Timemax. 3 mins.30 mins.ContingencyRed traffic light (slow - all following lights red too)

55Cold & raining hard - maybe snow in mountainsTimepTo reach intersection BTo reach junction I80, I50Impor-PTimeHigh (»1/2 of main plan)High (»1/2 of main plan)tanceConsequenceLate for imp. meetingbig delay, maybe life threatPResourcesNeed maps + planningNeed maps + planningLikelihoodHigh (£ 50% of time)HighConditional plan branchRight turn at traffic light, then alternate routeUse I50 - longer but more reliable when snowingFigure 3.22. Conditional planning examplesThe first example is the one we mentioned in this section before: on theusual commute to work, there is a certain traffic light which, if red on arrival,means that all the following traffic lights will be red, and the commute willtake significantly longer than if an alternate route is followed by making aright turn. However, this alternate route is slower if the traffic light inquestion is found on green.The second example is set during a trip from the San Francisco Bay areato Reno at night time during winter. If it is cold and raining aroundSacramento, then there is a good chance that the usual (and faster) freewaymay be closed in the mountains due to snow, so an alternate route is wiser, butit has to be prepared in advance since it may require maps for planning.A comparison between figures 3.21 and 3.7 shows that the twoframeworks are close enough so that an aesthetically concerned reader caneasily merge them into a single framework, so we shall not concern ourselves

56with this topic anymore. Instead, in the next chapter, we present a knowledgerepresentation formalism to help the agent to cope with the considerableamount of knowledge related to these decision processes.

1C h a p t e r 4 K n o w l e d g e R e p r e s e n t a t i o n F o r m a l i s m In order to operate in an environment, the agent has to possess a lot ofknowledge about that environment. For the purpose of deciding whether toplan to react to possible contingencies according to the framework presentedin the previous chapter, the agent has to possess three types of information:knowledge about situations that may be encountered during plan executions,knowledge about the contingencies that may happen in these situations, andknowledge about the most suitable reactions to these contingencies. Theagent’s knowledge base contains associations of contingencies and theirappropriate reactions. Each pair contingency-reaction is indexed in theknowledge base by the characteristics of the situation in which thecontingency may appear and in which that is the most suitable reaction to it.Therefore, each condition stored in the knowledge base has three parts:(i) a description of the contingency (signs, preconditions, and so on) and aset of values for the dimensions of the criticality space(ii) a description of the best suited reaction for this contingency in thesituation described by the third part(iii) a description of the situation in which this contingency may appearand in which the best response to it is the reaction described in part(ii). This description contains the values for each of the sevendimensions of the situation space mentioned in chapter 3. In the previous chapter we have presented the kind of informationassociated with each of these classes of knowledge. With the exception of thecontingency information which contains numerical values for the values ofthe characteristics of the criticality space, the rest of the information issymbolic. This includes the values for the situation space dimensions, thedescriptions of the contingencies, and the descriptions of the actions whichmake up the reactions to contingencies. Theoretically, one could use thenatural language to specify these values. However, such a natural languageinterface and the mechanisms to process the information in such a formalismare beyond the scope of this work. In order to contain the explosion incomplexity generated by such a natural language representation, we havedefined a knowledge representation formalism which restricts the descriptionlanguage for each of the classes of knowledge under consideration, whileretaining enough flexibility to be suitable to any domain and with the addedadvantage of a well defined structure which can be used in the reasoningp r o c e s s . In this chapter we shall discuss this knowledge representationformalism for each of the classes of knowledge involved, with examples fromthe driving domain. We shall first present the general idea which is applied toall the three classes, and then we shall discuss an example of representing the

2contingency description knowledge for the car driving domain. Appendix 2presents an example of representations of reactions and representations ofsituations for the same domain.4.1. Description LanguagesThe need to devise a knowledge representation formalism for describingsituations, contingencies and reactions has arisen from two considerations:(i) the space of all possible natural language descriptions for these classesof knowledge is too large to be manageable; this in turn generatedproblems like the possibility of having different representations forthe same piece of knowledge and the associated difficulty of comparingsuch representations and deciding on their identity. For example, in thecar driving set of reactions we have used during the previous chapter,"steer" may be equivalent to "change direction", and clearly eachsituation has many different equivalent ways of being described.(ii) the practical application domains for the framework of decidingwhether to prepare to react presented before have a significant amountof inherent structure implicitly contained in them and it would beunfortunate not to be able to exploit this structure. Notice for examplethat eleven out of the thirteen examples of contingencies we gave forthe car driving domain (table 3.1) use the action "brake" in thedescription of their associated reactions. The car driving domain hasalso a significant amount of inherent structure in the description of thepossible contingencies. For example, the following two contingencies:"Child runs from right, 20 m in front of car" and "Adult crosses thestreet from right 20 m in front of car" have both the same criticalityspace values, and the same associated reactions, and therefore do notneed separate representations in the agent’s knowledge base.If the structure of the application domain is not taken into account, theexplosion of the information that has to be recorded in the agent’s knowledgebase quickly exceeds any realistically manageable amount for agentsoperating in the real-world domains described in chapter 2. For example, thereare any number of individual situations for which the same paircontingency-response applies, and it would be entirely unreasonable torepresent each of them and all their associations with different conditions.Given these considerations, we have designed a representationformalism for these classes of knowledge which preserves most of theflexibility of the natural language representation, while allowing the expertto take advantage of the structure of the domain.For each domain there are nine languages which must be defined: alanguage for describing the contingencies, one for describing the reactions,and seven languages for describing the values associated with each of theseven situation space dimensions. Each of these languages will be describedaccording to the same formalism, so we shall only describe the formalism once,and then (in the following section) we will give an example of each suchlanguage in the driving domain.The expert is required to define a hierarchical vocabulary for each ofthese languages in his domain. The words in the vocabulary are partitionedinto two classes: terminals and nonterminals. Each nonterminal represents aclass of words (both nonterminals and terminals). The terminals are classes bythemselves. The expert must also define all the membership and subclass

3relationships among the words in the vocabulary. Each such relationshipdefines a directed edge in a tree (actually a forest, since there is no need forfull connectionism in a vocabulary) which induces a hierarchy onto thevocabulary. The tree is actually an AND/OR graph, in which the OR nodesrepresent the membership and subclass relationships, and the AND nodesrepresent structural relationships among words in a valid sentence in thelanguage. Our formalism has a few common features with the languagerepresentation formalism presented in [Utgoff, 1988], although it differs inmany other aspects. Our formalism defines a context free grammar: G = (N, T, P, S), wherem N - is the set of nonterminal words of the domain dependent vocabularydefined by the expertm T - is the set of terminals in the vocabularym P - is the set of productions of the grammar; there are two types ofp r o d u c t i o n s : l unit productions, defined by a membership relation between aterminal and a nonterminal or by a subclass relation among twon o n t e r m i n a l s l non-unit productions, defined by AND nodes in the vocabulary - thesegive the rules of correct derivations in the language.m S - the start symbol, which is either the root of the tree (if one exists), or,if the vocabulary is organized as a forest, then it is a new nonterminal(OR node) to which all the roots of the trees making up the forest areconnected through subset relationships edges.This context free grammar defines the language used for describingeither the contingencies in the domain, or the reactions, or one of the sevencharacteristics of the situation space, with one important difference from theclassic theory of context free languages: every word in the vocabulary may bepart of a sentential form in the language, that is, both terminals andnonterminals may be used to build sentential forms. The set of terminals in thevocabulary makes up the agent language, that is, the set of all individualdescribable contingencies (or reactions, or characteristics of situations). Asentential form containing only terminals represents a description of aspecific contingency, reaction, or situation characteristic. It can also beinterpreted as a description of a singleton set of contingencies, reactions orsituation characteristics. A sentential form containing at least a nonterminalsymbol represents a description of a set (of any cardinality) of suchcontingencies, reactions or situation characteristics. This extension of thecontext free grammar paradigm enables us to represent the structure of theapplication domain.Our formalism also extends the classical context free grammar paradigmwith the notion of identification functions for nonterminals in thevocabulary. An identification function is a compact way of representing alarge set of class membership relationships or a large set of subclassrelationships. For example, the nonterminal "slow_driving_speed" can beidentified by a function defined as: f (speed) = 5 mph < speed < 20 mph.This function replaces all the edges in the tree between the nonterminal"slow_driving_speed" and all the terminals "speed = x" where x can take allthe discrete values representable in the machine (or in the defined domainvocabulary) between 5 mph and 20 mph.

4Every tree generated by a vocabulary as described above defines twopartial order relations among the words of the vocabulary as well as amongthe set of sentential forms that can be built. The elementary partial orderrelation, which we call "c o n t a i n s ", among words in the vocabulary, is definedas: "a contains b " if and only if a and b are words in the vocabulary, a is anonterminal, and either a and b are identical, or a contains b as a member (if bis a terminal), or a includes b as a subset (if b is a nonterminal). The extendedpartial order relation with the same name is applied to sentential formsthrough the following definition: "A contains B " if and only if A and B aresentential forms in the language (according to the previous definition), andevery word in A contains the word in B in the corresponding position, i.e. if A = a1a2 . . . ak and B = b1b2 . . . bn then a1 contains b1 b 2 . . . bp 1 , a2 contains bp1+1bp1+2 . . . bp 2 , and so onuntil ak which contains bp k - 1 + 1 b p k - 1 + 2 . . . bn . In the next section we shall give an example of applying the formalismdescribed here to the car driving domain and we shall present the vocabularytrees which can be used to express the contingencies given in table 3.1. Theeffectiveness of this representation formalism in structuring the applicationdomain will be illustrated by the realization that the same vocabulary treeallows for the representation of a much larger set of contingencies, withessentially the same knowledge acquisition effort and similar storage andcomputational requirements. We shall then conclude this chapter with a briefsummary of the advantages of this knowledge representation formalism.4.2. ExampleIn this section we shall present the hierarchical vocabulary (andconsequently the grammar) which are sufficient to represent the thirteencontingencies for the car driving domain listed in table 3.1. Appendix 2contains a description of the vocabulary for representing the reactions, andthose for the situations encountered in chapter 3. The vocabularies will notonly be able represent the knowledge contained in table 3.1, but also a lotmore. Figure 4.1 presents the hierarchical vocabulary for representingc o n t i n g e n c i e s . 5..

Object

Animate

Non-animate

Human

Animal

Child

CatCow

A.Small

A.Big

Large&Hard

Small&Hard

Large&Soft

Small&Soft

Ball

Meteor

Brick

Mattress

Large

Hard

Small

Soft

Sign

Hole

H.Small

H.Medium

H.Large

T.light . . .

Contingency

Object - Motion - Distance

Malfunctioning

Figure 4.1. Vocabulary for describing contingencies in the driving domain 6 7.

Motion

Crossing

Stopped

L->R & Fast

L->R & Slow

R->L & Fast

R->L & Slow

Fast

L->R

Slow

R->L

Same_direction

Opposite_direction

Faster

Slower

None

Distance

D.Small

D.Medium

D.Long

N/A

Malfunctioning

Warning_light_on

TireOnOffExplosion

Flat

Radio

Fade

Brake_light

Overheat Gas

Figure 4.1. Vocabulary for describing contingencies in the driving domain (continued)

8This hierarchy is equivalent to the following grammar:G = (N, T, P, S), where:N = { Contingency, Object, Motion, Distance, Malfunctioning, Sign,Animate, Non-animate, Hole, Human, Animal, Large, Small, Hard,Soft, A.Small, A.Big, Large&Hard, Small&hard, Large&Soft,Small&Soft, Same_direction, Crossing, Fast, Slow, L—>R, R—>L,Warning_light_on, Tire, Radio }T = { T.light, Child, Cat, Cow, Meteor, Brick, Mattress, Ball, H.Small,H.Medium, H.Large, Faster, Slower, Opposite_direction, L—>R&Fast, L—>R&Slow, R—>L&Fast, R—>L&Slow, Stopped, D.Small,D.Medium, D.Long, Brake, Overheat, Gas, Explosion, Flat, On, Off,Fade }P = { Contingency —> Object - Motion - Distance | MalfunctioningObject —> Sign | Animate | Non-animate | HoleSign —> T.light | . . .Animate —> Human | AnimalNon- —> Large | Small | Hard | SoftHole —> H.Small | H.Medium | H.LargeHuman —> Child | ...Animal —> A.Small | A.BigLarge —> Large&Hard | Large&SoftSmall —> Small&Har | Small&SoftHard —> Large&Hard | Small&HardSoft —> Large&Soft | Small&SoftA.Small —> Cat | . . .A.Big —> Cow | . . .Large&Hard —> Meteor | . . .Small&Hard —> Brick | . . .Large&Soft —> Mattress | . . .Small&Soft —> Ball | . . .Motion —> Same_direction | Opposite_direction | Crossing | StoppedSame_direction —> Faster | SlowerCrossing —> Fast | Slow | L—>R | R—>LFast —> L—>R&Fast | L—>R&Slow | R—>L&Fast | R—>L&SlowDistance —> D.Small | D.Medium | D.Long | N/AMalfunctioning —>Warning_light_on | Tire | RadioWarning_light_on —> Brake_light | Overheat | GasTire —> Explosion | FlatRadio —> On | Off | Fade }S = ContingencySome derivations may be done through identification functions. Forexample, the grammar symbols D.Small, D.Medium, D.Long can be considerednonterminals (instead of terminals like in the previous example), and theactual values of the distance can be considered terminals. Then, a functionlike:D.Small = 5 m < distance < 25 mcan be used to perform the transition over the edge linking D.Small with theactual terminal, say "distance = 20 m".Every contingency in table 3.1 can now be obtained through a numberof different derivations in this grammar, and since the reactions to themusually apply to more general contingencies, the derivation can be stopped at

9higher levels, since a sentential form can contain both terminals andnon-terminals in the grammar. For example, the contingency:"Child runs from right 20m in front of car" can be obtained through the following derivation:Contingency —>Object - Motion - Distance —>Animate - Motion - Distance —>Animate - Crossing - Distance —>Animate - Crossing - D.Small —>Human - Crossing - D.Small —>Human - Fast - D.Small —>Human - R—>L&Fast - D.Small —>Child - R—>L&Fast - D.Small —>Child - R—>L&Fast - distance=20m.Any sentential form encountered during this derivation (or during anyother derivation leading to the same contingency) can be used to denote thiscontingency. Each such sentential form contains (and denotes) the set of allcontingencies derivable from it. The same reaction specified for thiscontingency in table 3.1. (Brake hard and steer right) would probably berecommended for the entire set of contingencies: "Human - R—>L&Fast -D.Small", while the consequences of the contingency would probably have thesame value for an even larger set of contingencies: "Human - Crossing -D.Small".Clearly, this small vocabulary is not enough to describe all possiblecontingencies in the driving domain. It was not our goal to provide such avocabulary and grammar. However, while every contingency in table 3.1 canbe derived in this formalism, it supports the derivation of many othercontingencies for the driving domain. In fact, just by enlarging the set ofterminals, the number of contingencies expressible with this small grammarbecomes very large indeed. This fact underlines the most important advantageof this representation formalism, namely imposing a (hierarchical) structureon the set of possible contingencies in the domain, which then makes themmuch easier to be stored, managed, analyzed and reasoned about.The knowledge representation formalism used in this chapter allows forcollapsing entire sets of contingencies in categories, thus alleviating theproblem of knowledge base size explosion.Another advantage of this representation formalism is that it can beused in a future work for learning purposes, that is for learning which sets ofcontingencies are similar from certain points of view of the generalframework for deciding whether to plan to react introduced in this paper:which contingencies have the same characteristics, or the same reactions, ormay appear in the same situations. Concept learning mechanisms ([Mitchell,1978; Mitchell & al., 1983; Dabija, 1990]) can be applied to contingenciesrepresented in this formalism, mainly because the terms "classification rule"and "concept description" used in machine learning are synonyms with "setdescription", which represents any sentential form derivable in thisformalism. This representation can also be used to discover new classes ofcontingencies (non-terminals in the vocabulary) which have eluded theexpert’s attention when specifying the domain, through bias shifting (eitherautomatically [Utgoff, 1988], or interactively with the expert [Dabija & al.,1992a,b]).

10The primary disadvantage of the knowledge representation formalismdescribed in this chapter is that the expert must define the structure of thedomain, that is, must specify both the nonterminals of the grammar (not justthe terminals), and the membership and subclass relations among theelements of the vocabulary. This may place some burden on the expert andmay make the knowledge acquisition process more difficult. Anotherdisadvantage is that each specified vocabulary is domain-dependent (and evenuser-dependent), as are all the relationships expressed through thisformalism. They all reflect how the expert who participated in the knowledgeacquisition process views the domain. But the advantages (mentioned above) ofstructuring the domain and significantly reducing the size of the knowledgebase outweigh by far this disadvantage, with the added benefit that the expertis himself compelled to structure his own knowledge of the domain. Theseproblems may further be alleviated by using the learning techniquesmentioned above: some of them will attempt an automatic restructuring of theknowledge base, while others will help the expert to structure his ownknowledge of the domain through interactions with the system. However, noknowledge acquisition work has been done as part of this thesis.The entire previous discussion applies equally well to representingreactions and situations. Hierarchical vocabularies may be used to classifyreactions since in real domains there are usually a small set of actions whichcan be combined to produce useful reactive plans, which are then associatedwith classes of (rather than individual) contingencies. This allows a betterstructuring of the set of reactions, which in turn ensures better analysis andfacilitates the reasoning about different sets of related reactions and theircharacteristics with respect to the framework presented in the previousc h a p t e r . The same is true for representing situations. Here this representationformalism is even more useful since the variety of situations in real domainsin virtually infinite, so any mechanism which induces a certain structure andfacilitates the reasoning process is more than welcome. Identificationfunctions are also particularly useful here, since the values of some of thedimensions may belong to continuous sets. Classes of situations definedthrough this knowledge representation formalism and satisfying the"contains" relation, are used to more efficiently index contingencies andreactions in the knowledge base (as opposed to indexing them to specificsituations, which would be prohibitive in any reasonably-sized real domain).The vocabulary for representing situations may be partitioned into sevendistinct vocabularies, one for each dimension of the situation space.Alternatively, for uniformity of presentation reasons, we can combine theseven vocabularies into a single one, with a new start symbol "Situation", byadding to the grammar a new production of the form:Situation —> Problem - Plan - Context - Action - Internal_Expectations -External_Expectations - Time,where Problem, Plan, Context, Action, Internal_Expectations, Time a n d E x t e r n a l _ E x p e c t a t i o n s , were the start symbols for each of the vocabularies forthe seven dimensions of the situation space.The hierarchical vocabularies (and the grammars they generate) forrepresenting the reactions listed in table 3.1 for the car driving domain, andfor representing certain situations in this domain (including the one usedthroughout chapter 3) are presented in appendix 2. Some derivations of

11sentential forms encountered in chapter 3 for reactions and situations in thedriving domain are also discussed in appendix 2. As in the case ofcontingencies, these vocabularies can represent a much larger set ofreactions and situations than the ones we have encountered during ourpresentation in the previous chapters, with very little or no overhead. Thisonce again supports our claim regarding the power of the knowledgerepresentation formalism presented here, and outweighs by far itsdisadvantages.

1C h a p t e r 5 T h e o r e t i c a l A n a l y s i s The dream of any designer is to prove that his product is the ideal one tosolve the original problem that motivated the design. In our case, this wouldmean proving that the framework introduced in chapter 3 is always able todecide, for any given situation, which of a set of contingencies possible in thatsituation should be selected at planning time to prepare reactive responses for.It would also mean to prove that this is the simplest framework with thisproperty, and also that the set of contingencies selected by it make the bestpossible use of the agent’s execution time resources. But since our objective isto design a framework that is applicable in the most demanding real-lifedomains, theoretically proving all the previous properties is beyond ourmeans. However, we have been able to theoretically justify some of theseproperties and some weaker versions of others. For the rest, while we dobelieve that they hold in our case, we could only provide experimentaljustifications which are presented in the following chapter.In this chapter we present the theoretical justifications for a few of theproperties stated above. We first justify (through counterexamples) our claimthat each of the elements included in the framework is necessary, that is thatthe framework is free of redundancies. Next we claim that the framework canconsistently implement desired behavior models, and that the criticalityfunction defined in section 3.3.2 can implement any known type of reactivebehavior; we formally justify the first of these claims, and in the next chapterwe present an experimental justification for the second one. Finally, we alsoclaim that the set of contingencies selected through our framework makes theoptimal use of the agent’s execution time resources while simulating thedesired reactive behavior pattern, and we formally justify it. One more claimwhich cannot be justified theoretically but is verified experimentally in thenext chapter is that the knowledge required by our framework in order toexecute properly exists and can be acquired in real domains.But in the next section let us first briefly review the generalassumptions of our framework, which will be used during this chapter. In thefollowing sections we shall then present our theoretical justifications to theproperties of necessity, consistency and optimality of the framework.5 . 1 . A s s u m p t i o n s As discussed in chapter 2, during our presentation we have madecertain assumptions about the problem we attempted to solve. Theseassumptions refer to both the agent, and the environment in which it isdesigned to work. The assumptions regarding the agent refer both to theagent’s execution capabilities, as well as to the design of its different controlmodes.

2The main assumptions for designing our framework were:m about the agent capabilities:l planning (and planning to react)l monitoringl reactingl limited resources (including computational time)m about the task environment:l real-time requirementsl complex - there exist a large (infinite) number of possible situationsl complex - there exist a large (maybe infinite) number of possiblecontingencies in each situationm about the agent control modes:l planning is better than reaction, whenever the resources (includingexecution time) allow itl planning (like reaction) is useless whenever there is insufficient timeto reach a solutionl reaction is faster than planningl limited resources allow only for limited amounts of reactionWe also assume that the agent’s knowledge base always containswhatever information may be necessary for the operation of the framework.Whether such information exists in real life and whether its acquisition bythe knowledge engineer or the agent is possible will not be of concern in thischapter. However, we claim that this information indeed exists and itsacquisition is not very difficult, and we support our claim with theexperiments described in the next chapter and performed in different domainsrequiring quite different types of human expertise.Note that all the assumptions listed here are not very restrictive. In fact,they mostly restate the applicability conditions for our framework, presentedin chapter 2. This means that the following results do not lose their generalityfrom these assumptions.Any other local assumptions that we shall make in order to allow us toperform theoretical analyses of our particular claims will be stated wheneverthey apply.5.2. NecessityWe claim that each element of our framework is indispensable for thefinal decision, that is that each element in the framework is necessary for thefinal decision, or alternatively, that the framework is free of redundancies.The simplest way to justify this claim is to assume that each element of theframework is redundant (one at a time) and then disprove this assumption bypresenting a counterexample. This also proves that the elements of theframework are independent (uncorrelated). To do this, we specify a completedecision problem (again in the car driving domain since now we are veryfamiliar with it) and then change the values of each element of theframework, one at a time, and show that this potentially yields a differentdecision each time. This implies that if that element of the framework ismissing, then an ambiguity is allowed in the decision process.P r o p e r t y : The framework presented in chapter 3 for deciding whether toplan to react to a given contingency in a given situation is freeof redundancies, i.e. each element of the framework is necessaryfor the final decision.

3Justification: we shall state a problem, assume in turn that each element ofit is redundant, and show by counterexample that this is not true.Example problem:Variables:Situation Space:P r o b l e m : Carry book from home to the officeP l a n : Drive carContext:School time (Weekday, morning, May)Action:drive straight on Street S, 25 mphInternal Expectations:reach schoolExternal Expectations:children in sightTimes:1 - 3 minutesC o n t i n g e n c y : Ball in front of carCriticality Space:Timep (Timerc) : very high (very short) (9)Consequences:small (3)Side-effects:medium-high (6)Likelihood:medium (5)P a r a m e t e r s : Expert Model:Tmax= 9.5;- maximum time pressure allowed to respondT m i n = 3;- minimum time pressure required to reactCSmin= 4;- maximum difference allowed betweenside-effects and consequencesL m i n = 3;- minimum likelihood required to reactMON= 1000;- minimum criticality required to monitorAgent’s Knowledge:7 contingencies:4 of higher criticality than this one, 2 of lower criticality than this oneReactive Planner Model: decision trees:ft: log: 0.2 * log2 (nr_of_conting_with_greater_criticality)Agent Model:computational overload - implies computational time delay:fr 0 :1.3 * timer Behavior Model: "normal"Parameters for the criticality function fc: p1 > p5 > p6 > p2p1 = 5; p2 = 1; p3 = 0; p4 = 0; p5 = 3; p6 = 2Changing one element of the framework at a time produces thefollowing changes in the criticality space values and implicitly in thereaction value of this contingency (which imply changes in the orderof including the contingencies in the reactive plan):Situation Space:P r o b l e m : Carry 3 kg of radioactive materialC h a n g e s : increases Side-effectsP l a n : Ride a bikeC h a n g e s : increases Consequencesdecreases Side-effectsContext:Night-time (non-school time)

4C h a n g e s : decreases LikelihoodAction:drive straight, 40 mphC h a n g e s : increases Consequencesincreases Side-effectsincreases Time pressureInternal Expectations:reach railway crossingC h a n g e s : decreases LikelihoodExternal Expectations:train in sightC h a n g e s : decreases LikelihoodTimes:£ 0.5 secondsC h a n g e s : decreases LikelihoodNote: Any of the changes in the situation space dimensionsmentioned also changes the set of possible contingencies which includethe one under consideration. Some of the changes add contingencieswith high criticality, so this contingency will get a smaller priority ofbeing considered for reactive response, others have the opposite effect.C o n t i n g e n c y Child in front of carC h a n g e s : increases ConsequencesExpert ModelTmax:lower (8.5)C h a n g e s : decreases Criticality (as a whole) since timep (9)becomes greater than Tm a x (8.5)Tmin:higher (9.1)C h a n g e s : decreases Criticality (as a whole) since timep (9)becomes smaller than Tm i n (9.1)CSmin:lower (2.5)C h a n g e s : decreases Criticality (as a whole) since thedifference side_effects — consequences (3)becomes greater than CSm i n (2.5)L min:higher (6)C h a n g e s : decreases Criticality (as a whole) since likelihood(5) becomes smaller than Lm i n (6)MON:higher (i.e. higher than the criticality ofthis contingency)C h a n g e s : do not even monitor (or prepare to react to) thisc o n t i n g e n c y Agent’s Knowledge:larger: 24 critical contingencies (more critical than this one)C h a n g e s : the chances to prepare reaction to thiscontingency decrease because it has a lowreaction value compared to the othercontingencies known for the same situationReactive Planner Model:decision lists: ft = linear: 0.2 * nr_contingencies_with_greater_criticalityC h a n g e s : increases real response timeAgent Model:fr 0 :1.8 * timer

5C h a n g e s : increases real response time which maydetermine it to exceed timerc and thus to beexcluded from the reactive planBehavior Model: - changes in the criticality function’s (fc )parameters: p1:lower (1)C h a n g e s : decreases criticality - disregards allowedresponse timep2:higher (3)C h a n g e s : increases criticality - stresses consequencesp3:higher (2)C h a n g e s : increases criticality - stresses side-effectsp4:higher (2)C h a n g e s : increases criticality - stresses anything that cango wrong (both consequences andside-effects)p5:lower (1)C h a n g e s : decreases criticality - disregards consequencesp6:higher (5)C h a n g e s : increases criticality - stresses likelihood(prepares first for the most frequentc o n t i n g e n c i e s ) All these changes in the parameters values of the criticalityfunction denote a change in the behavior model implemented by theframework, and have as effect a change in the ordering ofcontingencies by reaction value, which may yield a different set ofcontingencies to be selected for reactive response.oThis concludes our justification that each element of our framework isnecessary for the final decision, or alternatively, that the framework is free ofredundancies. We have shown that for any such element, there may be avariation in its value which may determine a different outcome of the finaldecision, and also that such a variation in this value is possible (and evenplausible) in the domains under consideration.5 . 3 . C o n s i s t e n c y I would have liked to be able to say that I proved that the frameworkintroduced in chapter 3 is always able to decide, for any given situation, whichof a set of contingencies possible in that situation should be selected atplanning time to prepare reactive responses for. This would obviously solvethis problem forever, and we could all do something else. But since ourobjective is to design a framework that is applicable in the most demandingreal-life domains, theoretically proving this property is beyond our means.However, we are able to theoretically justify a few weaker properties whichwould still ensure the usefulness of the framework. On an encouraging note,the previous claim actually held in the domains in which experiments wereconducted. And since these domains are significantly varied in nature, we maystill conclude that it will be true for a large set of real-world domains.

6We present here the theoretical justification for our claim that theframework for deciding whether to plan to react defined before canconsistently implement behavior models. This actually means that the order inwhich the contingencies associated with a certain situation are classifiedaccording to their reaction value by our framework is the same order as givenby the behavior pattern under consideration.In order to construct our justification, we start with a few preparatorydefinitions and we will prove a few other properties along the way too.Definition: An Evaluation function (fe ) is a function which, given a set ofconditions (pairs contingency-reaction) and a situation in whichthey apply, computes a score, with the property: the higher thescore, the better (more appropriate) that set of contingencies is,according to a particular reaction philosophy (behavior model).D e f i n i t i o n : A Behavior model is an order relationship on the set ofcontingencies associated with a situation.The behavior model represents the type of reactive behavior exhibitedby the agent, that is, given any pair of contingencies and their reactions in asituation, which contingency is to be preferred by the agent for reaction (i.e.has priority in reacting to, and hence in preparing a reaction for).O b s .: there is a functional relationship between evaluation functions andbehavior models, i.e. every evaluation function characterizes abehavior model, but a behavior model may be characterized by a setof evaluation functions.D e f i n i t i o n : A R a t i o n a l behavior is a subset of conditions (pairscontingency-reaction) such that, given an evaluation function andan agent with limited resources, there is no other subset ofconditions that gives a better score for this function while satisfyingthe resource limitations.The notion of rational behavior has been defined independently of thesituation characteristics, because all the contingencies that belong to the samesubset must first of all apply to the same situation. The only contribution of thesituation space to the framework is to uniquely define each situation, and thusunambiguously identify the contingencies and the reactions associated with it.The criticality function fc (section 3.3.2) defines an order relation,called "more important " on a set of conditions matching a given situation.D e f i n i t i o n : Condition a is more important than b in situation S (a >S b) ifand only if:(i) both conditions a and b match situation S(ii) in situation S: fc (a) > fc (b), i.e. the criticality value of a is higherthan that of b. O b s : "more important" is not a partial order relation on the entire set ofconditions in the agent’s knowledge base, because there may be twosituations (S and T) in which both contingencies a and b may appearand such that a >S b, and b >T a. Therefore, the relation "moreimportant" is only defined in a given situation.P r o p e r t y : The sum of the criticality values (reaction values) for a set ofconditions is an evaluation function.J u s t i f i c a t i o n : Let fc (c) be the reaction value of condition (pairc o n t i n g e n c y - r e a c t i o n ) c in situation S , and let C be a set ofconditions associated with situation S . Then:

7fe(C) = )is an evaluation function. Indeed, according to the previousdefinition of an evaluation function, fc computes a score for a set ofconditions in a situation, and since fc (c) ‡ 0 for any c˛ C (accordingto its definition in section 3.3.2), fe can characterize a behaviormodel. This is true because for any condition a and any set ofdifferent conditions C , C¨ {a} must be preferred to C by the behaviormodel (it is never worse to be prepared to react to morecontingencies, when agent resource limitations are not taken intoaccount, and here the behavior model has been definedindependently of the agent’s resource limitations).oProperty: For any two conditions a and b associated with a same situation S,we have: a > S b if and only if, in situation S , the behavior modelprefers condition a to condition b , i.e. it requires the agent to attemptto include the reactive response for condition a before attempting toinclude a reactive response for b (i.e., according to the behaviormodel, given a choice, it is more important that the agent is preparedto react to contingency a than to contingency b ) . J u s t i f i c a t i o n : If a > S b then fc (a) > fc (b) in situation S , so for any set ofconditions C not including a and b :fe(C¨{a}) = ) + fc(a) > ) + fc(b) = fe(C¨{b}) ,so the evaluation function gives a higher value for C¨ {a} than forC ¨ {b}, and thus the behavior model requires the agent to attempt toinclude a before b in the reactive plan associated with situation S .C o n v e r s e l y , if the behavior model requires the agent to attempt toinclude a before b in the reactive plan associated with situation S,then the evaluation function for this behavior model gives a highervalue for C¨ {a} than for C¨ {b}, for any set of conditions C applicablein situation S and which do not include a and b , i.e.: fe( C ¨ {a}) >fe(C¨{b}) , i.e.: ) > ) , that is: ) + fc(a) > ) + fc(b) ,and so fc(a) > fc(b) in situation S, i.e. a > S b.oP r o p e r t y : The framework presented in chapter 3 for deciding whether toplan to react to a given contingency in a given situationconsistently implements behavior models.Justification: The notion of behavior model is only about the preferences ofreacting to contingencies, and thus it is only connected to the notionof reaction value, implemented in the framework by the criticalityfunction. The previous property shows that the "more important"relation introduced by the criticality function orders thecontingencies applicable in a situation in the same way as the

8preferences of the behavior model described by this criticalityfunction. Therefore, the criticality function represents anappropriate way to describe a reactive behavior model in ourf r a m e w o r k . oMoreover, because of the optimality property proved in the nextsection, the framework, using the criticality function ordering ofcontingencies, can always optimally implement the behavior model asrestricted by the agent’s resource limitations, i.e. the rational behavior.This concludes our justification for the consistency property of ourframework. This last property has stopped short of claiming that ourframework is sufficient to simulate any behavior pattern desired, sincetheoretically there are an uncountable number of behavior models and only acountable number of implementable criticality functions (as a subset of the setof all programs written in a given programming language), so this would havebeen impossible to prove (actually we just explained it to be false). However,we shall state a much more practical conjecture here.C o n j e c t u r e : for each known (cited in the literature) type of behavior, thereexists a combination of parameters in our criticality function whichimplement it.This conjecture cannot be actually proved, but can be experimentallysupported, as discussed in section 6.3. Coupled with the previous property, itimplies that the framework yields the rational behavior for the agent givenan evaluation function (a behavior model), for any distributions of the set ofcharacteristics for the conditions (including any distribution of deadlines forthe reactions to contingencies) and for any distributions of the agent’sr e s o u r c e s . If we are unable to come up with a suitable criticality function for adesired behavior model, then any of a significant number of automatic orinteractive learning methods may be employed to learn this function, assuggested in chapter 7.5.4. OptimalityWe also claim about our framework that it makes the best use of theexecution time resources of the agent. This means that, given a set ofcontingencies for a situation, the framework will choose not only thosecontingencies that are most important to be treated reactively (according to itsreactive model), but will also select as many as it can so that the reactive planbuilt for these contingencies maximizes the use of the agent’s runtimer e s o u r c e s . We first restate here the definition for a rational behavior introducedin the previous section:D e f i n i t i o n : A R a t i o n a l behavior is a subset of conditions (pairscontingency-reaction) such that, given an evaluation function andan agent with limited resources, there is no other subset ofconditions that gives a better score for this function while satisfyingthe resource limitations.According to this definition, a rational behavior maximizes theevaluation function for a given situation and agent model, while in the sametime producing a behavior pattern consistent with the agent’s behavior model.

9P r o p e r t y : In the assumptions of section 5.1, an agent, enhanced with theframework presented in chapter 3, exhibits the rational behavior: itmaximizes the use of its resources, while simulating the desiredreactive behavior pattern.J u s t i f i c a t i o n : The criticality value establishes an order on the set ofcontingencies associated with the situation, according to the desiredevaluation function (conf. section 5.3). The decision process(function fr in section 3.4.3) is then applied to each of thesecontingencies, in the order established. There are two possibleoutcomes of this process for a contingency which was alreadyconsidered worth monitoring: if there are enough resources (asestimated by the agent model) then the contingency will be includedin the reactive plan; otherwise, this contingency will not beincluded for reactive response. However, this does not mean that theagent’s resources were exhausted by the set of contingencies alreadyconsidered. It only means that the resources left available are notsufficient to respond to this contingency (while still responding inuseful time to the ones with higher criticality, already included inthe reactive plan). Therefore, our framework continues theevaluation of the remaining contingencies (also in the order oftheir criticality values) since a less critical contingency mayrequire less resources and therefore can also be included forreactive response. No contingency can be added to this set wheneach of the remaining contingencies requires more resources thanleft available by the ones already in the set. Therefore, we concludethat our framework makes the best use of the agent’s resources (asestimated by the agent model) given a certain evaluation function(which expresses a specific desired reactive behavior of the agent).oWe have thus theoretically justified our claim that the framework wehave introduced in chapter 3 for deciding whether to plan to react to a givencontingency in a certain situation yields the rational behavior for the agentgiven an evaluation function (a behavior model), for any distributions of theset of characteristics for the conditions (including any distribution ofdeadlines for the reactions to contingencies) and for any distributions of theagent’s resources. This fact takes off some burden of our experiments, since wewill only have to conduct experiments for the claims which have notheoretical justification. However, we also present, in chapter 6, the results ofan experimental demonstration of the rational behavior claim as well as theclaims justified in the previous section.

1C h a p t e r 6 E x p e r i m e n t s In order to demonstrate the applicability and scalability of the reactiondecision framework presented in chapter 3, we have run a number ofexperiments. We describe here these experiments and the main conclusionsthat can be drawn from them. In order to demonstrate the generality of theframework, we have conducted the experiments in three different domains:the driving domain from which we took most of the examples used during theprevious presentations, and two medical domains of expertise: anesthesiologyand intensive care patient monitoring. It is well known that different expertsin a domain may have different opinions on specific subjects from the domain.In order to obtain a consensus of these opinions in the driving domain, wehave polled 8 experts, and we have combined their opinions in different ways.It was interesting to find out that the results of these combinations had a highdegree of similarity among them, and were well in line with the individualopinions of the experts (although among them opinions may have variedsignificantly). For the medical domains we have only used the advice of asingle expert in the field. In the following section we describe the knowledgeacquisition process which we have conducted in the driving domain, and itsresults. Then we describe a set of experiments in this domain, that support theclaim of optimality for our framework which has been theoretically justifiedin the previous chapter. In the third section we present a set of experimentswhich were aimed to demonstrate how different behavior models can bedescribed in our framework and how they affect the reactive behavior of anagent using them. We conclude this chapter with a description of how thereaction decision framework proposed here can be included in a complexagent which runs in a real, complex world.6.1. The Driving DomainIn this domain we were able to collect knowledge from 8 experts, sincemost people can be considered experts in this domain, and seven of mycolleagues (David Ash, Alex Brousilovski, Lee Brownston, Janet Murdock,Serdar Uckun, Rich Washington and Michael Wolverton) were kind enough tovolunteer their valuable time and experience for this part of the project.Beside providing the raw knowledge, they have also made significantcomments which have helped me clarify the knowledge acquisition problemsinvolved. I am indebted to all of them (the eighth person in the experimentwas myself). Contingency Reaction

2 1Child runs from right, 20 m in front of carBrake hard and steer right 2Car crosses w/o priority 20 m in front, from right to leftBrake and gently steer right 3Car in front stops suddenlyBrake hard 4Cat runs across street, 20 m in frontBrake hard and steer right gently 5Traffic light changes red 40 m in frontBrake hard 6Tire explosionBrake gently and do not steer 7A deep and medium width hole detected 30 m in frontBrake hard and steer right gently 8Airplane lands in front of carBrake moderately hard 9Brake malfunction light turns onBrake gently10Engine overheat light turns onBrake gently to stop the car11Loud radio turns on suddenlyAdjust radio volume12Meteor falls on the trunk of the carAccelerate hard13A ball pops in the street, from the right, at 20 m in front5Brake hard and steer rightTable 6.1. Contingencies for the car driving domain experiments

3Table 6.1 lists the 13 contingencies (also listed in table 3.1 and used forillustration purposes throughout the thesis) proposed, together with thereactions for each of them.The knowledge acquisition problem was to specify a value between 0and 10 for three of the criticality space dimensions (consequences, side effectsand likelihood), and a real time value for the time to respond to thecontingency, for each of these 13 contingencies, when considered possible toappear in the following situation:P r o b l e m : Deliver package to workP l a n : Drive carContext:May, midweek, morning (school time), pass in front of a schoolExt. Expect.:Children in sightInt. Expect.:Reaching school zoneAction:Drive straight, 25mphTimes:max. 3 minutesThe experts were instructed to translate their qualitative feelings intoquantitative values, and to concentrate more on relative values than on theabsolute values they were giving. As some of them have commented, the scaleused was sometimes closer to logarithmic and sometimes closer to exponential,but very seldom (if ever) was it approximately linear.Each expert was also independently asked to order the set ofcontingencies by reaction value, that is, to specify the order in which he orshe believes the agent should consider these contingencies for reaction, aswell as where a threshold on monitoring for them should be placed. Thisinformation was then used to evaluate the results of applying our frameworkto the data supplied by the experts. The experts were asked to provide thecontingency dependent knowledge independently of the final ordering. Inany case, we believe there is little danger of any conscious correlationbetween the data supplied by an expert for each contingency and the orderpreference specified by the same expert, because of the amount of informationthey had to supply - over 50 values each only for contingency data.I will omit here the individual values supplied by each expert for eachcontingency precisely because of the considerable amount of numbersinvolved. I would prefer to comment instead a little on the distribution of thesevalues, although a meaningful statistical analysis would not be fully relevantbecause the still small number of experts involved. The absolute valuesspecified varied quite a lot. For example, the consequences of not reacting tothe engine overheating was rated between 4 and 10 (on the scale of 0 to 10,where 0 meant no consequences at all), while the likelihood of a childrunning in front of the car was rated between 4 and 9. Although the orderingof the contingencies differed too (traffic light was placed between first andseventh while airplane, radio and meteor all varied between the ninth and thethirteenth places), the experts opinions agreed much more on the set ofcontingencies to be actually taken into account (i.e. the monitoringthreshold): all of them indicated the first four contingencies as ordered intable 6.1, all but one indicated the hole, and all but two indicated the cat andthe tire contingencies. This was the first indication that, although individual pairs of expertsmay disagree, each of the experts tends to agree with the opinion of the group.This conjecture was then supported by a deeper analysis of the rest of the datasupplied by the experts. We have further analyzed the order specified by the

4experts on the set of contingencies, by assigning an order number to eachcontingency according to each expert’s specification, and then taking theirmedian value, average value, and average of the set of 6 numbers obtained byeliminating the highest and lowest expert specified value for eachcontingency independently. In all three cases, the result of ordering thecontingencies by the values obtained this way were identical, and thedifferences with each expert were much smaller than differences betweenindividual experts. This again supports the previous conjecture. It was alsointeresting to see that not even one expert had specified the same ordering asinferred by all the three statistical methods. A further confirmation of theconjecture came from the fact that, for each characteristic of thecontingencies, the three statistical measures have produced very similarresults. Moreover, after eliminating the two extreme values in each case, theremaining values were much closer, which shows that the experts tend toagree with each other most of the time. Also, since different experts usedifferent scales to measure the same qualitative phenomenon, the qualitativeaspects of their input (orderings) tend to agree more than the quantitativeformulations (the experiments described further in this chapter will showthat our framework is robust to quantitative variations in the knowledgespecification, and is well suited to extract the qualitative aspects of it, whichare the ones which eventually interest us). The analysis of this data also suggested that different experts take thesame (or consistent) decisions, but apparently for different reasons, that is,they have different heuristic "formulae" or rules to combine their evaluationof the characteristics of events in their domain of expertise. All theseobservations support our explicit inclusion in the framework of an expertmodel, which has the role of calibrating the entire reaction decisionframework according to the set of qualitative_to_quantitative transformationfunctions used by the expert providing the domain knowledge.C o n t i n g e n c y T i m e r c TimepC o n s e q u e n c e s Side-effectsLikelihood 1Child 1.0 10.0 10.0 6.5 4.5 2Car-X

5 1.0 10.0 8.8 5.7 4.0 3Car stop 2.0 5.0 7.0 3.2 6.2 4Cat 1.0 10.0 5.2 5.9 6.8 5T.light 4.0 2.5 6.2 0.7 8.8 6T i r e 3.0 3.3 6.0 2.8 2.3 7Hole 2.0 5.0 4.5 4.5 2.8

6 8P l a n e 2.5 4.0 9.5 4.5 0.3 9B r a k e 30.0 0.3 6.2 1.0 2.010Heat 50.0 0.2 5.5 0.3 2.211Radio 100.0 0.1 1.8 0.7 2.012M e t e o r 0.1 100.0 9.5 3.2 0.113Ball 1.0 10.0 0.7

7 5.7 5.0Table 6.2. Data values for the car driving domain experimentsIn our experiments conducted with data from the driving domain, wehave used the average_after_extremes_elimination values, obtained from theraw data provided by the experts as described above. These values arepresented in table 6.2. The order in which the contingencies are presented inboth tables 6.1 and 6.2 is the average_after_extremes_elimination (which, asmentioned above, is the same as the average and the median) order obtainedfrom the pool of experts. The experiments with this set of data are brieflypresented in the next two sections.6.2. OptimalityWe present here the results of the experiments we have conducted tosupport the theoretical claims made in chapter 5. Since most of these claimswere justified theoretically, these experiments are merely demonstrations ofapplying the framework. We have used four different reactive planner modelsand five agent models to show how the recommendations of the frameworkvary and how it continues to ensure the optimal use of the agent’s resourcesfor the given agent models.We have also used a "normal" behavior model, that is we expect theagent to behave the same way as the experts recommend. In calculating thereaction value of a contingency, this model assigns more weight to the timepressure dimension, followed by the difference between consequences andside-effects, and then likelihood. Consequences are taken into account both bythemselves, but also (and mostly) in combination with the side-effects. Thus,the criticality function parameters given by the behavior model are: p1 = 5, p2 = 1, p3 = 0, p4 = 0, p5 = 3, p6 = 2,where the parameters specified by the expert model (an abstract,"average_after_extremes_elimination" expert) are:Tmax = 20.0; Tmin = 1.0; CSmin = 2.3; Lmin = 1.3; MON = 10000,and the function computing the time pressure is:ftc = 10 / timerc .In this particular case, the criticality function (described in section3.3.2) becomes: Criticality = fc (t, c, s, l) =i f (t > 20)t h e n fc = 0e l s e i f (c + 2.3 - s < 0)t h e n fc = 0e l s e i f (t < 1)t h e n fc = 3 * l2)e l s e i f (l < 1.3)t h e n fc = 3 * l2)e l s e fc = t5 * c * (c+CSmin-s)3 * l2Table 6.3 presents the values returned by this function, and the outcomeof the monitoring decision of the framework. We provide them only to allowthe reader to ’feel’ the results of the framework. The monitoring threshold wasset by the expert model in a region of the contingency space where there is asubstantial gap among the reaction values of the contingencies ordered bycriticality. Since the expert and behavior models do not change during the

8experiments described in this section, these values will not change either.They will however change anytime at least one of the expert or behaviormodels change. In the experiments described in the following sections we willnot include this criticality value anymore. It can however be easilyrecomputed from the behavior models, which will always be specified. Contingency Criticality Monitor 1 Child 3.95E9 yes 2 Car-X 2.21E9 yes 3 Car stop 1.90E8 yes 4 Cat 9.84E7 yes 5 Traffic light 2.22E7 yes 6 Tire 2.17E6 yes 7 Hole

9 1.34E6 yes 8 Plane 5.83E2 9 Brake 6.56 10 Heat 1.89 11 Radio 5.3E-2 12 Meteor 0.00 13 Ball 0.00Table 6.3. Criticality values for the "normal" behavior model, for the car driving domain experimentsThe first and most important observation of the experiment is that ourframework orders the contingencies by criticality value (based on the datafrom the "average" expert) identically to the order indicated by the same"average" expert. When presented with this ordering, all the human expertsinvolved have agreed to its rationality.We must also point out here that the framework proved very robust, inthat considerable variations in the values of the behavior and expert modelparameters as well as in the absolute values for the dimensions ofcontingencies have yielded the same order induced by the criticality function.What really matters is the relative relationship among pairs of elements of the

10framework. For example, in the normal behavior model, time pressure hasgreatest weight. We have experimented with variations of up to 25% in theabsolute value of its weight (p1 ) and have still obtained the same order. Wehave repeated the experiment for other behavior models were time pressure isalso considered most important, as well as by varying other parameters orslightly varying individual values of the characteristics of contingencies, andin each case we have obtained robust behaviors of the framework. Thissuggests that small variations in the values provided by experts should notnegatively influence the behavior of an agent using this framework.In the experiments described in this section, we have used the followingfour reactive planner models:RP1: constructs balanced binary decision trees; the function estimating theglobal reacting response time:ft = kp * log2 ( n u m b e r _ o f _ c o n t i n g e n c i e s _ w i t h _ ‡ _criticality),where the average test time is: kp = 0.2 seconds.RP2: same as RP1, but the average test time is: kp = 0.3 seconds.RP3: constructs decision lists; the function estimating the global reactingresponse time is linear:ft = kp * number_of_contingencies_with_‡ _criticality,where the average test time is: kp = 0.2 seconds, and the decision listsare built such that the pre-conditions discriminating thecontingencies with the highest time pressure are tested first.RP4: same as RP3, but the average test time is: kp = 0.3 seconds.We have also used five agent models. The only difference among them isthe computational load estimated to be imposed on the agent at execution time(for this situation), which has the effect of slowing the agent, that is, itincreases the response time of the agent to a contingency by a factor Kt: fr0 (timer) = timer * Kt ; The five agent models used are:AM1: Kt = 1, that is, there is no computational overhead estimated;AM2: Kt = 1.3, that is, there is a 30% computational overhead estimated;AM3: Kt = 1.8, that is, there is an 80% computational overhead estimated;AM4: Kt = 2.5;AM5: Kt = 4.0. ContingencyM o n i t o r React (RPModel = decision trees - kp = 0.2)

11Kt = 1.0Kt = 1.3Kt = 1.8Kt = 2.5Kt = 4.0 1 Child yes yes yes yes yes yes 2 Car-X yes yes yes yes yes yes 3 Car stop yes yes yes yes yes 4 Cat yes yes yes yes yes 5 Traffic light yes

12 yes yes yes 6 Tire yes yes yes yes 7 Hole yes yes yes 8 Plane 9 Brake10 Heat

1311 Radio12 Meteor13 BallTable 6.4. Optimality demonstrations results for reactive planner model RP1 ContingencyM o n i t o r React (RPModel = decision trees - kp = 0.3)Kt = 1.0

14Kt = 1.3Kt = 1.8Kt = 2.5Kt = 4.0 1 Child yes yes yes yes yes yes 2 Car-X yes yes yes yes yes 3 Car stop yes yes yes yes 4 Cat yes yes yes 5 Traffic light yes yes yes

15 6 Tire yes yes 7 Hole yes yes 8 Plane 9 Brake10 Heat

1611 Radio12 Meteor13 BallTable 6.5. Optimality demonstrations results for reactive planner model RP2

17 ContingencyM o n i t o r React (RPModel = decision lists - kp = 0.2)Kt = 1.0Kt = 1.3Kt = 1.8Kt = 2.5Kt = 4.0 1 Child yes yes yes yes yes yes 2 Car-X yes yes yes yes yes 3 Car stop yes yes yes yes yes yes

18 4 Cat yes yes yes 5 Traffic light yes yes yes yes yes yes 6 Tire yes yes yes yes yes yes 7 Hole yes yes yes yes yes 8 Plane

19 9 Brake10 Heat11 Radio12 Meteor13 BallTable 6.6. Optimality demonstrations results for reactive planner model RP3

20 ContingencyM o n i t o r React (RPModel = decision lists - kp = 0.3)Kt = 1.0Kt = 1.3Kt = 1.8Kt = 2.5Kt = 4.0 1 Child yes yes yes yes yes 2 Car-X yes yes yes 3 Car stop yes yes yes yes yes

21 yes 4 Cat yes yes 5 Traffic light yes yes yes yes yes yes 6 Tire yes yes yes yes yes yes 7 Hole yes yes yes yes 8 Plane

22 9 Brake10 Heat11 Radio12 Meteor13 Ball

23Table 6.7. Optimality demonstrations results for reactive planner model RP4Tables 6.4 to 6.7 summarize the results of our demonstrations. They listthe set of contingencies recommended by our framework for reactiveresponse preparation, in each case. As expected, this set decreases with anincrease in the agent computational load, all other things being equal(different columns in the same table). It also decreases with an increase in thecost (here time) of the average tests to be performed (as can be seen bycomparing the corresponding columns in tables 6.4 and 6.5, as well as the samecolumns in tables 6.6 and 6.7. In each case, the agent tries to optimize the useof the agent resources (i.e. to include as many contingencies as possible),while maximizing the evaluation function on the subset of selectedcontingencies, by essentially including the highest criticality contingenciespossible. Obviously, the more accurate the agent and planner models used, thebetter the selected contingencies will actually optimize the use of run-timeresources (the models used here are quite rough - assume all tests take thesame time and that the simple logarithmic and linear formulae stated abovecorrectly approximate the agent). In this example the decision trees model always selects thecontingencies in the strict order of criticality (which need not be the case ingeneral), while the decision lists model allows for gaps in the strict order, sothat it can accommodate a larger number of contingencies. This is one moreproof that the algorithm proposed in chapter 3 optimizes the use of the agent’sresources. For example, in table 6.7, for Kt = 2.5, the agent can respond to onlyone contingency with a response time of maximum 1 second, so it chooses theone with largest criticality (the c h i l d contingency); it can respond to bothcontingencies with maximum response time of 2 seconds (the car_stop and theh o l e contingencies), and so on, but cannot respond to the other contingencieswith short (1 second) response time, so it will omit them from the final set.Also note that the decision lists based planner model assumes that thecontingencies are ordered by the response time allowed (in the final reactiveplan), and also that the test times for each contingency are constant. If thefirst of these assumptions would have not been included in the reactiveplanner model, then the default assumption is that the contingencies areordered by criticality, and then the reactive plan for this case could not haveincluded the h o l e contingency since it would have been last in the decisionlist, and its response time would have exceeded its allowed response time.One last observation from these experiments is that, for this particularset of data, it confirms our discussion of decision trees versus decision listsfrom section 3.4.1. We argued there that there are frequent cases in which theset of contingencies recommended by the framework is larger when using adecision lists planner than a decision trees planner, all other things beingequal (which may seem somewhat counterintuitive at the first glance). Indeed,in this demonstration, the decision lists based agent includes morecontingencies than its decision trees based counterpart for most of the casescovered. In our example, the evaluation function value is usually greater inthe decision trees case, because of a subtle violation of the "all other thingsbeing equal" assumption: the decision trees based planner model assumes thatthere is no test time needed to reach a response for a single contingency(log2 1 = 0), while the decision lists based planner model assumes that the timeneeded to reach such a response is still the time needed to perform one test. Ifthis assumption would have been made in the first case too, then the decision

24lists planner model would have yielded also a higher evaluation function thanits corresponding decision trees counterpart, for the set of contingenciesrecommended in at least some cases (like RP2 and RP4 (kp = 0.3) and AM4 (Kt =4.0)).6.3. Behavior ModelsThough not intended as a simulation of human behavior, our approachto solving the reaction planning decision problem has some potentialapplications in this area too. Specifically, it provides the basis for a possiblelanguage to discuss the characteristics of different human behavior modelsrelated to this task. In this section we shall propose a way of representing inour framework some such behavior models discussed in the literature, as wellas the results of a few experiments we have done using this representation.Our discussion here is by no means intended to give a complete solution to theproblem of simulating human reactive behaviors, but is only intended tosuggest a possible such representation, which needs a lot more research toprove its usefulness or to find its best application domain.In section 5.3, we have justified the property that our reaction decisionframework consistently implements behavior models. We stated then theconjecture that for most types of reaction-related behaviors cited in theliterature, there is a corresponding behavior model encoding in ourframework which implements that type of reaction. Here, we go even a littlefurther, by defining a couple more such behavior models and representingthem in our framework too. Since we found no way to theoretically prove thisconjecture, we have conducted a number of experiments designed to support it,which we present in this section. They show how our framework candetermine an agent to exhibit different reactive behaviors for the drivingdomain described before, while also helping us to clarify the meaning of thedifferent thresholds and parameters in our framework.Besides the so called "recommended" or "normal" behavior, we havefound six more types of reaction-related behaviors - sometimes calledhazardous attitudes [Woods & al., 1987; FAA, 1991]. The last two behaviors wereproposed by David Gaba (personal communication, 1993). Here is a briefdescription of each of these behaviors:m Recommended Behavior - is the normal behavior expected by the expertand from an expert in the domain.m Antiauthority Behavior - is the "don’t tell me!" type of behavior, inwhich the agent regards rules, regulations and procedures asunnecessary, and thus tends to disobey them.m Impulsivity Behavior - is the "do anything quickly!" type of behavior, inwhich the agent attempts to always do the first thing that comes tomind, without stopping to think and select the best alternative.m I n v u l n e r a b i l i t y B e h a v i o r - is the "it won’t happen to me" type ofbehavior, in which the agent is always inclined to take risks since itbelieves that the current situation is never one of those (less likely butstill possible) situations when something wrong might just happen.m Macho Behavior - is the "I can do it!" type of behavior, in which theagent wants to impress others, and is ready to take significant risks to doit. It is inclined to react even when not really necessary or when it maybe more dangerous than not to react. Such agents either forget about

25the possible side-effects of their actions, or at least discount deeplythese side-effects.m Resignation Behavior - is the "what’s the use?" type of behavior, inwhich the agent faced with a critical situation usually chooses to donothing, since it underestimates its capacity to respond to the event andthe effectiveness of such a response, in the given time frame. It has atendency to leave such actions to others, for better or for worse.m Risk-averse Behavior - the agent tries to avoid risk by all means(considering both the consequences of not being prepared to react intime, and the possible side-effects of reactions), but may therefore givesometimes less importance to the time pressure.m Liability Conscious Behavior - the agent is particularly interested inavoiding any legal liabilities that may arise from its actions. Therefore,it tends to prepare to always do something, preferably what is legallybounding, even if that something may be believed not to succeed in thatparticular situation. This may prevent the agent to prepare for someother contingencies which are less liability creating, but which couldhave been treated if there were enough resources available.m Social Responsibility Behavior - the "socially conscious" agent tends toput the interests of the society before those of the individual, includingitself.Each of these behaviors can be simulated in our framework by adjustingthe parameters of the corresponding behavior model. While the actualparameter values are less important, their relative values define the differentbehavior models. Behavior Model Expert ModelBehavior p1 p2 p3 p4 p5 p6Tmax Tmin CSmax LminRecommended 5 1 0 0 3 2 20.0 1.0 2.3 1.3Antiauthority 5 1 0 0 3 0Impulsivity 0 0 0 0 0 3 10.0 5.0

26Invulnerability 5 1 0 0 3 2 4.2Macho 4 1 0 0 0 3 10.0Resignation 5 1 0 0 3 2 5.0Risk-averse 2 2 4 2 1 1Liability conscious 3 3 1 2 1 2100.0 0.0 0.0Social responsibility 4 3 0 0 4 3Table 6.8 Representing Behavior ModelsTable 6.8 summarizes the representation of these behavior models intoour framework. Recall that a behavior model in our framework is implementedby a set of values for the parameters of the criticality function (computing thereaction value of the contingencies), and may also be influenced by somevalues of the thresholds given by the expert model (section 3.3). The values forthe expert model parameters are completely specified in the table only for therecommended behavior model; for the other models, only values that havechanged from the initial specification are given. Also remember that timepressure is the only parameter which can take values outside the interval[0,10], because it is converted from arbitrary real values using the expertspecified conversion function ft c . Therefore, the time pressure relatedparameters are harder to generalize among domains, as will be noticed inappendix 3, where we present the results of the same experiments run for theanesthesiology domain, with the same parameter values as here except for thetime pressure dimension. The expert models in table 6.8 were used in ourdemonstrations in the driving domain.To illustrate the simulation of these behaviors in our framework, wehave run the framework with the behavior models presented in table 6.8 forthe 13 contingencies presented previously the driving domain. Table 6.9

27summarizes the results of these experiments. We have also shown the reactionvalues produced by the criticality function. Their absolute values have nomeaning whatsoever; what matters are their relative values (and only withinthe same behavior model), which represent the relative value of reacting toone contingency vs. another in a same situation and under the same behaviormodel. For each behavior, the monitoring threshold was set (through theexpert model) in a region of the contingency space where there is asubstantial gap among the reaction values of the contingencies ordered bycriticality. The threshold is represented by a thicker line separating thecontingencies for each behavior into two sets. The numbering ofcontingencies for each behavior model is the same as for the recommendedbehavior. This was done in order to facilitate comparisons of each behaviormodel with the "normal" one.In chapter 5, we have defined a behavior model to be an orderrelationship on the set of contingencies associated with a situation. Therefore,in the experiments described in this section, we only concentrate on theordering of contingencies by reaction value (and sometimes relative values ofthe criticality function, but never on its absolute values), and ignore anyissues related to the reactive planner model and the agent model, that is weignore the final decision of applying the framework to a set of contingencies.This is consistent with the purpose of our demonstrations here, since anyspecific agent (with a given reactive planner and resource limitations) mayexhibit any of the reaction behaviors discussed, depending only on the orderin which its behavior model recommends the contingencies for considerationto be reacted to, and not on the actual components and resources of the agent. Behavior Model 1 Behavior Model 2 Behavior Model 3 (Recommended) (Antiauthority) (Impulsivity)

28 1Child3.95E9 1Child1.95E8 4Cat3.14E2 2Car-X2.21E9 2Car-X1.38E8 5T.light26.10 3Car stop1.90E8 3Car stop4.96E6 3Car stop15.43 4Cat9.84E7 4Cat2.12E6 1Child9.54 6T.light2.22E7 6T i r e 4.10E5 2

29Car-X8.00 5T i r e 2.17E6 5T.light2.87E5 7Hole4.68 7Hole1.34E6 7Hole1.71E5 6T i r e 3.48 8P l a n e 5.83E2 8P l a n e 1.94E310Heat3.26 9B r a k e 6.56 9B r a k e 3.28 9B r a k e 2.8210Heat

301.8910Heat0.8611Radio2.8211Radio5.3E-211Radio2.6E-2 8P l a n e 0.1612M e t e o r 0.0012M e t e o r 0.0012M e t e o r 0.0013Ball0.0013Ball0.0013Ball0.00Table 6.9 Reactive Behavior Experiments for the Driving Domain Behavior Model 4 Behavior Model 5

31 Behavior Model 6 (Invulnerability ) (Macho ) (Resignation ) 1Child3.95E9 4Cat1.63E7 3Car stop1.90E8 3Car stop1.90E8 1Child9.11E6 5T.light2.22E7 4Cat9.84E7 2Car-X5.63E6 6T i r e 2.17E6

32 5T.light2.22E7 3Car stop1.04E6 7Hole1.34E6 2Car-X4.70E413Ball8.75E5 8P l a n e 5.83E2 6T i r e 1.47E3 5T.light1.65E5 9B r a k e 6.56 7Hole1.15E3 7Hole6.17E410Heat1.89 8P l a n e 5.83E2 6T i r e 9.01E311

33Radio5.3E-2 9B r a k e 6.56 8P l a n e 8.10 1Child0.0010Heat1.89 9B r a k e 0.7812M e t e o r 0.0011Radio5.3E-210Heat0.30 2Car-X0.0012M e t e o r 0.0011Radio3.7E-2 4Cat0.0013Ball

340.0012M e t e o r 0.0013Ball0.00Table 6.9 Reactive Behavior Experiments for the Driving Domain (continued) Behavior Model 7 Behavior Model 8 Behavior Model 9 (Risk-averse )(Liability conscious )(Social responsibility) 1Child1.2E11 1Child2.0E11 1Child1.0E12 2Car-X3.7E10 2

35Car-X7.0E10 2Car-X3.7E11 4Cat4.39E912M e t e o r 3.8E10 3Car stop7.0E10 3Car stop5.05E8 4Cat7.56E9 5T.light2.3E10 7Hole1.08E8 3Car stop3.34E9 4Cat2.89E9 6T i r e 2.40E7 5T.light7.49E7 6T i r e 2.96E8

36 5T.light1.88E5 7Hole7.48E7 7Hole3.49E7 8P l a n e 1.59E5 6T i r e 5.04E7 8P l a n e 4.10E3 9B r a k e 57.62 8P l a n e 3.17E7 9B r a k e 2.72E210Heat2.33 9B r a k e 1.37E410Heat94.7011Radio0.5710Heat4.87E2

3711Radio0.7812M e t e o r 0.0011Radio0.3412M e t e o r 0.0013Ball0.0013Ball0.0013Ball0.00Table 6.9 Reactive Behavior Experiments for the Driving Domain (continued)Here is a brief explanation of the changes required by the parametersfor each behavior model, with respect to the normal behavior model describedin the previous section, as well as the main effects they have on the orderingof the 13 contingencies we have presented in the previous section, for the cardriving domain:m Antiauthority Behavior Model - do not take likelihood into account (mostlikely events are usually covered by laws, regulations and procedures).The traffic light contingency goes down in criticality, as the onlyregulation to be observed as a contingency in our set; the rest remainsthe same.m Impulsivity Behavior Model - consider a single response, for acontingency with great (but serviceable) time pressure and highlikelihood, to allow at least for a reasonable response in a significantnumber of cases; the reactive plan will consist of a single reaction tothis contingency. Consequences and side-effects are disregarded, whiletime pressure is considered only through raising Tm i n (to 10) so as toinclude only the high but still acceptable time pressures. Likelihood isthe only one still considered in the reaction value formula, and Lm i n isalso raised significantly (Lm i n = 5). Therefore, the c a t contingencybecomes the only one selected for reaction preparation.m Invulnerability Behavior Model - Low and medium likelihoodcontingencies are considered much less critical ("it won’t happen tome..."); only high likelihood contingencies are really considered

38critical, so the Lm i n threshold is significantly increased (Lm i n = 4.2). Inour tests, the car crossing contingency falls a lot because its likelihoodbecomes lower than this threshold.m Macho Behavior Model - Forget about side-effects, and also takeconsequences less into account, since the agent mainly tries to impressothers, by preparing for time pressured, but especially likelycontingencies, so that it can react most of the time. The likelihoodweight is increased, while the CSm i n threshold is also increased (CSm i n = 10.0) such that it becomes useless. In our demonstration, ball advancesall the way to number 4 because the difference between consequencesand side-effects is not considered here, while c a t advances to numberone since it is more likely than the first three, and its side-effects arealso disregarded.m Resignation Behavior Model - here it is interpreted as underconfidence,that is underestimating its own abilities, since we only talk aboutreaction preparation at planning time, and not reaction behavior atexecution time (were it would have been interpreted as ’giving up’). Theagent is willing to prepare to respond only to low time pressured events,and therefore the Tm a x threshold is significantly reduced (by 75% -T m a x = 5). Therefore, many contingencies with higher time pressureget zero reaction value and fall at the end of the list.m Risk-averse Behavior Model - taking most precautions to avoid risk, thedecision process considers mostly the side-effects of the reaction,followed by the consequences of not reacting and the sum ofconsequences and side-effects, and much less time pressure andlikelihood. The driving domain contingencies become roughly orderedby this sum, with a few exceptions: the p l a n e contingency has very lowlikelihood, the b r a k e contingency has very low time pressure, and them e t e o r contingency has a too short response time allowed for a reactionto be effective.m Liability Conscious Behavior Model - while the weight of time pressureand of the difference between contingencies and side-effects decreases,the agent assigns more importance to consequences, side-effects andtheir sum. Also, there are no threshold for either time pressure orlikelihood (Tm i n = Lm i n = 0; Tm a x = 100), since a contingency shouldnever be discarded only because a reaction to it is believed to be useless.Therefore, m e t e o r becomes very high priority here, and the agent willprepare roughly in the order of collision with people, moving cars,animals, objects. B a l l is still not considered here at all because theside-effects are still much higher (and potentially more liable) than theconsequences. Also in this case, more contingencies are considered formonitoring than usually.m Social Responsibility Behavior Model - preparing a population optimalbehavior involves considering both consequences alone and thedifference between consequences and side-effects, as well as thelikelihood, more than before (with respect to time pressure). It is closestto the "normal" behavior described in the previous section, with theonly difference that traffic light gains priority with respect to c a t ,since this behavior tends to favor groups of people over single people,and people over animals. Notice here that significant overall changes

39in the values of the parameters, but small changes in their relativeorder, have produced a very similar ordering of the contingencies ascompared to the recommended behavior.As can be noticed from the above discussion, the results of thesedemonstrations require a certain amount of interpretation. This is necessaryespecially since the definitions of these behavior models are generally basedon execution time types of reactions, while we attempt here to implement themat planning time. However, their interpretation shows that they arereasonable and consistent with the generally accepted (execution-time)definition of each behavior model, and that there is a plausible explanation forthe results that maps them into the corresponding (conceptual) behaviors.These demonstrations show that our framework may at least provide areasonable basis for representing and exchanging information and ideasabout reaction-related behavior models, and thus for interpreting andstudying different behaviors. For example, given a specific behavior (order onthe set of contingencies), we can automatically discover the parameters of abehavior model which emulates it, and then we can characterize this behaviorand maybe attempt to correct it.The specific values of the different parameters of the behavior modelsused may vary in certain limits, producing essentially the same results. Thisfact contributes to the robustness of our framework, and simplifies theknowledge acquisition process by easing the burden of specifying accuratevalues for the criticality space dimensions by the expert. More important arethe relative values the expert supplies, but this is generally easier to acquire.Also the expert model may influence some of the behavior models, so theexpert should probably be informed in advance about the desired behaviormodel. However, our experiments were conducted without informing theexpert on the type of behavior model desired, and as can be seen from thediscussion here (and also according to our experts), the results are inagreement with the definition of each behavior model.We have also run the same demonstrations on a set of contingencies fora situation in the anesthesiology domain. Again the results satisfied the expertinterpretation of the different behavior models. A brief description of thisexperiment and a short interpretation of the results for each behavior modelare presented in appendix 3.In the next section we present a final experiment, aimed atdemonstrating that the framework defined in this thesis can scale up and beintegrated in complex autonomous agents, designed to work in real, complexdomains, and that by doing this, we improve the agent’s global real timeperformance (by making it more responsive to those events that areconsidered more critical in the domain). This way we not only improve thequantitative performance of the agent, but more importantly, the quality of itsperformance. The experiment presented in the next section was also aimed assupporting evidence that the knowledge required to apply our frameworkexists in real domains, that it can be reasonably quantified by experts in thedomain, and that it can be acquired from these experts and produce reasonabler e s u l t s . 6.4. Complex Real World DomainWe present here one more experiment we have conducted with ourframework, in a real life medical domain: patient monitoring in an intensive

40care unit (ICU). This time, our framework was integrated in a complexreal-time agent architecture capable of planning, reaction, and dynamicreplanning: the Guardian system [Hayes-Roth & al., 1992, Hayes-Roth, 1990].Our framework has the role of filtering the information which flows from theplanner to the reactive planner, according to the architectural designoutlined in appendix 1.The two domain experts who have generously advised us (David Gabaand Serdar Uckun) have identified 68 contingencies for a set of situationscorresponding to a general intensive care monitoring case (figure 6.1). Theyhave also specified heuristic values for the four characteristics for each ofthese contingencies. For an easier understanding of the presentation, we shallpresent part of these experiments and most of the data concerned, in appendix4, and shall discuss here only the main results.P r o b l e m : Intensive care monitoringPlan: normal postoperative procedureContext:after coronary artery bypass grafting (CABG) procedure,50 years old patient, no other history known Action:ventilate patient / weaning / extubate patientInternal Expect:External Expect:Time:0-8 hours / 9-18 hours / 18-48 hoursFigure 6.1. Situations for the ICU domainTable A4.1 lists the entire set of contingencies and the characteristicvalues for them, in the order specified by the experts (grouped by categoriesof complications that may develop).The first part of this demonstration consisted in running the criticalityfunction part of the framework on this data set, for the recommendedbehavior model (section 6.3), for several expert models. We have thusexemplified for a large real-life case, the influence of varying differentexpert model parameters, over the ordering of contingencies by criticality.Appendix 4 presents a partial set of results from this demonstration (tablesA4.2 to A4.5).The most important conclusion to be drawn from this demonstration isthat the recommendations of our framework are reasonable from the expert’spoint of view. Our experts have agreed, in each case (i.e. for each expert modelused) with the ordering of the contingencies proposed by our system, findingthem reasonable and finding reasonable interpretations for them. Since thereis no other (objective) way to evaluate the framework’s recommendations, wemay conclude that the framework and the "normal" behavior model we havedefined are a reasonable solution to our original problem.#Contingency (Response would be the typical response for this event)Resp.t i m e Conse-quences Side-e f f . L i k e l i -

41 hoodCriti-c a l i t y 34e t - t u b e - d i s c o n n e c t i o n 210244.2E1218v e n t r i c u l a r - t a c h y c a r d i a 19722.2E1213v e n t r i c u l a r - f i b r i l l a t i o n 110816.1E1135k i n k e d - e t - t u b e 58241.8E1020h y p o x i a 58642.53E9 7m y o c a r d i a l - i s c h e m i a 58631.42E9

4215s i n u s - b r a d y c a r d i a 57531.24E914v e n t r i c u l a r - e c t o p y 57767.62E8 5c a r d i a c - t a m p o n a d e 58.57.536.84E819s i n u s - t a c h y c a r d i a 106578.21E722c a r d i o g e n i c - p u l m o n a r y - e d e m a 108.5733.26E7 1m y o c a r d i a l - d e p r e s s i o n - p o s t - c p b 108.5733.26E732p u l m o n a r y - e m b o l i s m

43108.57.532.13E7 6h y p o v o l e m i a 207372.08E7 3d e c r e a s e d - p r e l o a d 207372.08E725p n e u m o t h o r a x 108732.01E740a c u t e - h e m o l y t i c - t r a n s f u s i o n - r e a c t 108.5511.28E726h e m o t h o r a x 107741.05E7 9r i g h t - h e a r t - f a i l u r e 1087

4428.94E611p o s t o p - h y p e r t e n s i o n 206.5541.38E6Table 6.10. Selected Contingencies for kp = 0.5 (30 seconds)for ExplorerII (kt = 1.166)The second part of the demonstration considers the behavior of ourframework in the context of the Guardian system. The blackboard-based[Hayes-Roth, 1985] Guardian agent has a reactive planner (ReAct) usingaction-based hierarchies [Ash, 1994].#Contingency (Response would be the typical response for this event)Resp.t i m e Conse-quences Side-e f f . L i k e l i - hoodCriti-c a l i t y 34e t - t u b e - d i s c o n n e c t i o n 210244.2E1218v e n t r i c u l a r - t a c h y c a r d i a 19722.2E1213v e n t r i c u l a r - f i b r i l l a t i o n 110

45816.1E1135k i n k e d - e t - t u b e 58241.8E1020h y p o x i a 58642.53E9 7m y o c a r d i a l - i s c h e m i a 58631.42E915s i n u s - b r a d y c a r d i a 57531.24E914v e n t r i c u l a r - e c t o p y 57767.62E8 5c a r d i a c - t a m p o n a d e 58.57.536.84E8

4619s i n u s - t a c h y c a r d i a 106578.21E722c a r d i o g e n i c - p u l m o n a r y - e d e m a 108.5733.26E7 1m y o c a r d i a l - d e p r e s s i o n - p o s t - c p b 108.5733.26E732p u l m o n a r y - e m b o l i s m 108.57.532.13E7 6h y p o v o l e m i a 207372.08E7 3d e c r e a s e d - p r e l o a d 207372.08E725p n e u m o t h o r a x

47108732.01E740a c u t e - h e m o l y t i c - t r a n s f u s i o n - r e a c t 108.5511.28E726h e m o t h o r a x 107741.05E7 9r i g h t - h e a r t - f a i l u r e 108728.94E611p o s t o p - h y p e r t e n s i o n 206.5541.38E6 4i n c r e a s e d - a f t e r l o a d 206.5541.38E636r i g h t - m a i n s t e m - i n t u b a t i o n 206.53

4821.23E616a t r i a l - f i b r i l l a t i o n 207649.78E541f e b r i l e - n o n h e m o l y t i c - t r a n s f u s - r e a c t 206.5426.98E567l o w - k 307.5556.63E542m e c h a n i c a l - b l e e d i n g 207.57.543.54E566d i l u t i o n a l - l o w - n a 307223.48E564l o w - n a 307223.48E5

4917p a r o x y s m a l - s u p r a v e n t r i c - t a c h y c a r d i a 206642.83E523n o n c a r d i o g e n i c - p u l m o n a r y - e d e m a 208.5821.81E568h i g h - k 308741.47E531b r o n c h o s p a s m 308741.47E562l o w - m g 607378.57E445i n t r i n s i c - p a t h w a y - d e f e c t s 607354.37E4Table 6.11. Selected Contingencies for kp = 0.5 (30 seconds)for SPARC10 (kt = 1.02)

50The reactive planner model for it (kindly specified by my colleague andits designer, David Ash) states that the reactive plan built tends to be animplicit hierarchy with about 3 levels, with a roughly constant branchingfactor throughout. Actually distinguishing a child node in the implicithierarchy is accomplished in the real hierarchy with a decision list-likestructure. According to this model, reaching a contingency in the plan builtfor n contingencies takes roughly a constant time, equal to 3* times theamount of time for a single test (assuming the tests take approximatelyconstant time). This assumption can be made in our domain and for our agent,since tests which take much longer (e.g. laboratory tests) are to be included inthe main plan by the planner, to be performed regularly so that their data isalways meaningful. This is generally the way physicians operate in real ICUsettings. Therefore, for the purpose of our model, we can assume that thelength of a test is roughly given by the time a human operator needs in orderto retrieve and check a piece of data and to input it into the computer, i.e.approximately 30 seconds. The reactive planner model also allows for a smallset of contingencies (say, three) to be hooked directly to the top of thehierarchy, and thus to be reached by tests independently of the othercontingencies to be solved by this reactive plan. This is useful when there area few very time critical contingencies, and the rest are with a much smallertime pressure.#Contingency (Response would be the typical response for this event)Resp.t i m e Conse-quences Side-e f f . L i k e l i - hoodCriti-c a l i t y 34e t - t u b e - d i s c o n n e c t i o n 210244.2E1218v e n t r i c u l a r - t a c h y c a r d i a 19722.2E12

5113v e n t r i c u l a r - f i b r i l l a t i o n 110816.1E1135k i n k e d - e t - t u b e 58241.8E1020h y p o x i a 58642.53E9 7m y o c a r d i a l - i s c h e m i a 58631.42E915s i n u s - b r a d y c a r d i a 57531.24E914v e n t r i c u l a r - e c t o p y 57767.62E8 5c a r d i a c - t a m p o n a d e 5

528.57.536.84E819s i n u s - t a c h y c a r d i a 106578.21E722c a r d i o g e n i c - p u l m o n a r y - e d e m a 108.5733.26E7Table 6.12. Selected Contingencies for kp = 0.6 (36 seconds)for ExplorerII (kt = 1.166)The agent model only takes into account the slowdown of the system dueto computational overhead. Simulations on two different platforms haveyielded significantly different results: if Guardian is run on ExplorerIImachines, the computational overhead is on average 16% for the simulatedtime period we are interested in (approximately two hours of simulated time);on a SPARC10 workstation, this overhead is reduced to approximately 2%. Table6.10 presents the results of running our entire framework, with the reactiveplanner and agent models described here, for the Guardian agent running onan ExplorerII platform. Table 6.11 presents the same results for a SPARC10workstation. We have run the same experiment for an estimated test time of20% larger (36 seconds) and the results are presented in tables 6.12 and 6.13for ExplorerII and SPARC10 respectively. In the second case, the system wasable to include about 75% more contingencies in the reactive plan. Also notethat in all cases the system was able to include about 66% more contingenciesin the reactive plan to be run on the SPARC10.#Contingency (Response would be the typical response for this event)Resp.t i m e Conse-quences Side-e f f . L i k e l i - hoodCriti-c a l i t y

5334e t - t u b e - d i s c o n n e c t i o n 210244.2E1218v e n t r i c u l a r - t a c h y c a r d i a 19722.2E1213v e n t r i c u l a r - f i b r i l l a t i o n 110816.1E1135k i n k e d - e t - t u b e 58241.8E1020h y p o x i a 58642.53E9 7m y o c a r d i a l - i s c h e m i a 58631.42E915s i n u s - b r a d y c a r d i a

5457531.24E914v e n t r i c u l a r - e c t o p y 57767.62E8 5c a r d i a c - t a m p o n a d e 58.57.536.84E819s i n u s - t a c h y c a r d i a 106578.21E722c a r d i o g e n i c - p u l m o n a r y - e d e m a 108.5733.26E7 1m y o c a r d i a l - d e p r e s s i o n - p o s t - c p b 108.5733.26E732p u l m o n a r y - e m b o l i s m 108.57.5

5532.13E7 6h y p o v o l e m i a 207372.08E7 3d e c r e a s e d - p r e l o a d 207372.08E725p n e u m o t h o r a x 108732.01E740a c u t e - h e m o l y t i c - t r a n s f u s i o n - r e a c t 108.5511.28E726h e m o t h o r a x 107741.05E7 9r i g h t - h e a r t - f a i l u r e 108728.94E6

56Table 6.13. Selected Contingencies for kp = 0.6 (36 seconds)for SPARC10 (kt = 1.02)The sets of selected contingencies include the first as many as possiblecontingencies in the order of their criticality value (table A4.2). They do notinclude the fourth contingency in table A4.2 because of the special treatmentof highly time pressured contingencies in the reactive planner model (itallows for three contingencies to be reacted to faster than the rest - otherwise,the set of contingencies might have included only the first fourcontingencies, but very few others if any). Due to the decision tree form of thereactive plan, all leaves are reached in approximately the same time (section3.4.1), so the set of contingencies selected is limited by the response time to themost time pressured contingency included (in our case 5 minutes, since theone and two minute contingencies are treated separately).These experiments reinforce a few statements we have made along thethesis. They show that the framework proposed here is useful in pruning theset of contingencies for which the agent should prepare to react. This ishowever necessary only in such domains where the number of contingenciesis large enough to pose problems due to agent resource limitations (and wehave characterized such domains in chapter 2); Guardian and its domain aretypical in this respect. The performance of the enhanced agent improves uponthe performance of the same agent without the benefit of our framework,because in the latter case, the reactive planner would have prepared areactive plan to include all 68 contingencies, and due to its size, the resourcerequirements for such a plan could not achieve reactions to the most timepressured contingencies in this set. The set of contingencies selected dependson the characteristics of the agent and of its reactive planner (as representedby the agent model and reactive planner model). The more accurate thesemodels are, the better will be the use of agent resources made by the set ofcontingencies selected. Also note that the agent may exhibit different reactivebehaviors, as defined by the reactive behavior model.Our experiments also show that the necessary data for our framework tobe applicable exists in practice and can be acquired from experts in real-worlddomains. The more difficult part of the knowledge acquisition process was theidentification of the set of contingencies possible in a given situation (theacquisition of the characteristic values for them was much easier, especiallysince their absolute values are less important than their relative order, due tothe robustness of the framework).The experiments described in this chapter and performed in differentdomains requiring quite different types of human expertise (mundane tasks,highly skilled domains, etc.) demonstrate the applicability of our frameworkin the general types of domains described in chapter 2.

1C h a p t e r 7 C o n c l u s i o n s Most research projects have their roots in one or two basic questions,attempt (more or less successfully) to provide answers to these questions, andduring this process usually generate many more new questions than answers.This thesis was no exception. In the next section, we present a summary of theanswers which our work provides, and in the following section we enumeratea few questions raised and research avenues opened during our efforts to findsolutions to the original problems stated in chapter 2.7 . 1 . S u m m a r y Executing plans in the real world has long ago been recognized as adifficult and uncertainty-filled problem, due to contingencies generated byinteractions between the executing agent and its environment. Conditionalplanning, reaction and dynamic replanning are all possible control modes tosolve this problem, but none of them alone is entirely suitable for agents withlimited resources working in complex environments. Therefore, the needarises for a mechanism to select, from the set of possible contingencies in thedomain, the subsets which should be treated using each of the previouslymentioned control modes. In this thesis we have defined a framework to selectthe subset of contingencies which are best suited for reactive response. Ourframework’s decisions are based on the plan situation under consideration, thecharacteristics of the contingencies and of an expert model specifying them,as well as on the reactive planner and agent models. A behavior modeldetermines the type of reactive behavior to be exhibited by the agent. Allthese models are designed as application-dependent plug-in modules to beattached to our framework, thus substantially increasing its generality andapplicability across domains and types of agents. The decision of whether toprepare a reaction to a given contingency or not is taken while consideringthe entire set of contingencies that may appear in that situation, inrelationship with the limitations of the agent’s execution time resources. Wehave justified a few theoretical claims about our framework (including theoptimal use of agent’s resources), and then we have verified themexperimentally. We have also demonstrated other properties of the framework,the most important being that the reactive behavior of an agent using ourframework has the agreement of the experts in the field.A couple of extensions to our framework were also discussed. The firstone involves a similar framework to decide on the subset of contingencies forwhich to prepare a conditional branch (all the way to the final goal) in theplan. The second involves a proposal for a knowledge representationformalism for the types of knowledge involved in our framework:contingencies, reactions and situations. It was designed to facilitate the

2structuring and manipulation of this knowledge, as well as to facilitate the useof automatic knowledge acquisition and learning techniques to cope with theexplosion of the related knowledge in complex domains. However, both theseextensions were discussed only at a theoretical level and, as stated in the nextsection, they need more work in order to be fully understood and for theirpotential to be fully used.7.2. Future WorkIt is unfortunate (or maybe actually very fortunate) that a thesis cannotencompass an entire research career. Unfortunate because while trying tosolve the originally stated problems, there are so many new problems thatarise and which I would have liked to address. Fortunate because I am sure thatwhile trying to address these new issues, many other problems would arise,and then no thesis would ever be finished. We shall briefly overview in thissection a few of the research issues which came up while solving the problemsmentioned before.Two already stated issues are the extensions to our framework citedabove. The first involves the framework for deciding whether to prepare a fullconditional branch for a contingency. While we have defined the generalframework in section 3.5, there are many details that still have to be sorted outbefore a usable framework like the one for reactions can be obtained. Thefunction computing the conditional planning value of a contingency must beidentified and tested, and the values for its parameters must be specified for anormal behavior model (and possibly for other types of behavior models).Guidelines for specifying the planner model and especially the agent model(from the perspective of conventional plan execution) must also be set.The second issue involves the knowledge representation formalismproposed in chapter 4. Since specifying the nonterminals of the grammarimposes some additional burden on the experts, it would be very helpful todevise a set of knowledge acquisition and learning tools to help the expert inthis task. We believe that the best results here can be achieved by combiningautomatic learning methods with interactive knowledge acquisition tools(similarly with the methods used in [Dabija & al., 1992a]). Such an approachwould better use the potential for bias shifting [Utgoff, 1988] and conceptclassification that this knowledge representation formalism is appropriate for.Another open research issue related to our framework is its potentialintegration with case based reasoning and planning techniques. Figure 7.1presents the possible information flow in such a system. The agent’sknowledge base (contingencies and associated reactions in specific situations)may be organized as a library of cases. The agent may also have a library ofreactive plans already built (each reactive plan built, may be cached into thislibrary), organized by the situations in which they may apply. New knowledgemay be added at any time to the case library, and each time an alreadyencountered situation arises, the reactive plan that may already exist in theplan library is combined with any new contingency-reaction pairs applicablein that situation that have been included in the agent’s knowledge base sincethe last use of this reactive plan. Our framework will decide, for each suchsituation, which are the best contingencies for which reactions should beincluded in the updated reactive plan. If no new relevant knowledge (i.e.applicable in the current situation) has been added to the knowledge basesince its last use, this reactive plan may be used without any changes or delay.

3Many issues arise here related to the independent management of the twolibraries (knowledge structuring, and "forgetting") as well as therelationships between them. There are also interesting research issues relatedto the problem of acquiring the knowledge for the two libraries: knowledgefor each of them may be acquired from an expert (and here interactiveknowledge acquisition techniques may be used) or from the agent’s owndomain experience.Reactive Plan Library CaseLibraryNew Reactive PlanFormalism for Reaction DecisionsMain PlanSituationReactive Plan GenerationFigure 7.1. Extended system architectureIn domains where strong theories about possible contingencies exist,these theories can be used to anticipate all the contingencies that may appearfor situations along the plan, and to specify their characteristics. However, inmost domains with which we are concerned, such theories either do not exist,or they are very weak (e.g. cover the domain only partially, or can anticipateonly certain kinds of events all over the domain). In such cases, the agent maygenerate prototype cases (akin to the cases in the case library) and proposesolutions for them. They may then be evaluated and compared tocorresponding actual cases, and the differences may be used to improve theweak domain theory that has generated them in the first place.In this thesis we have also introduced a formalism to describe reactivebehavior models. As we have shown in chapter 6, most of the human reactivebehavior models described in the literature can be conveniently expressed inour framework, which therefore provides a possible vehicle for the exchangeof information on this subject. However, we have only touched the tip of theiceberg in this respect. Considerably more research is needed to refine thisformalism so that it can be really useful for providing completecharacterizations of these behavior models and therefore become useful inattempts to correct or influence human behaviors in critical domains likenuclear power plant supervision or aircraft flying. For example, in order tobetter model the differences between behaviors like social responsibility andi n d i v i d u a l i s m , the consequences dimension of the criticality space may besplit into two components: (i) internal-consequences (which directly affectour agent) and (ii) external-consequences (effects of not responding to thecontingency, over other agents in the environment).As stated at the beginning of this section, the range of open problemssuggested by this research is very wide, and we believe that at least part ofthem are worth further investigation. 4 1A p p e n d i x 1 S y s t e m A r c h i t e c t u r e We briefly present here the way our framework is to be integrated inthe general architecture of an agent with planning, reaction and monitoringcapabilities. We assumed a modular system, in which each component can, inprinciple, be plugged in and out and the agent’s performance should changegracefully. For example, if the agent is to operate without a reactive planner,then it will be able to respond only to the contingencies for which conditionalbranches have been prepared by the planner, while if it is to operate onlywith a reactive planner, then the agent should be able to react to all thecontingencies for which it has reactions prepared for, but may never reachthe overall goal since it lacks the main plan to do it. The framework to decidewhether to prepare to react may be regarded as another such module, whichwhen present, ensures that the agent is better prepared to cope with thedifferent contingencies that may appear during its plan execution. An alternative view is that the other agent modules (the planner,reactive planner, execution mechanisms, knowledge base, the expert modeland the behavior model) are all independent modules which can be pluggedinto, and out of, the framework discussed in the thesis. The framework wasdefined in a general manner such that all these modules are parameters whichwill change the outcome of the analysis, but the general principles presentedin chapters 3 and 4 and the theoretical analysis in chapter 5 remain all valid(since they all were done independent of any particular such module). 2.

Conditions Extractor

Agent’sKnowledge Base

Framework for Deciding Whether toPlan to React

PlanAnalyzer

Situation

Expert Model

Agent Model

Reactive Planner Model

Behavior Model

Set of Conditions(contingency + reaction)

ReactionDecision Maker

Set of Conditions

Reactive Plan Generator

Monitoring Actions

Planner

Reactive Plan

Initial Plan

FinalPlan

Figure A1.1. System Architecture and Information Flow

3Figure A1 presents how all these modules fit together in a "complete"agent, as well as the information flow during the plan modification process.We assume this process starts when the p l a n n e r has produced a complete(conditional) plan to solve a given problem. In order to identify the situationsthat may generate contingencies in the plan, the plan analyzer scans the planand for each stage (situation) searches the agent’s knowledge base for the setof contingencies that may appear in that situation, and their appropriatereactions. Each situation for which there are known contingencies will befurther analyzed to prepare reactive plans for it.All relevant contingencies found in the agent’s knowledge base by thecontingency extractor for a certain situation are passed on to the r e a c t i o n decision maker which uses our framework presented in chapter 3, togetherwith an expert model, a behavior model, the agent model (corresponding to theexecution capabilities of this agent), and the reactive planner model(corresponding to the reactive planner available to this agent), to select thosecontingencies for which reactive responses should be prepared by thereactive plan generator. The reactive plan is passed back to the p l a n n e r together with monitoring actions to be included in the plan. The reactive planis eventually attached to the context-specific plan and the next stage of theplan will be subsequently analyzed.This entire process is performed first at planning time, before the agentstarts executing the main plan, and is repeated each time the agent is forced todynamically replan its actions (and generate a new main plan) during theexecution phase because of a major failure in executing the initial main plan.One agent with such an architecture with which we have conducteddemonstrations of our framework is the Guardian agent (for monitoringpatients in an intensive care unit) [Hayes-Roth, 1990]. The results of thesedemonstrations are discussed in section 6.4.

1A p p e n d i x 2 K n o w l e d g e R e p r e s e n t a t i o n in the Car-Driving DomainWe continue here the example started in section 4.2, with thehierarchical vocabularies and the corresponding grammars for representingreactions and situations in the car driving domain. While we do not plan tospecify the complete vocabularies for this domain, the ones that are givenhere are sufficient to represent all the examples encountered in chapter 3, aswell as the experiments discussed in chapter 6 for the driving domain. Theyare also enough to represent a good deal more knowledge from this domain.Figure A2.1 presents the hierarchical vocabulary for representingreactions in the car driving domain. This hierarchy is equivalent (accordingto the formalism discussed in chapter 4) to the following grammar:G = (N, T, P, S), where:N = { Reaction, Brake, Steer, Other, Left, Right, Hard, Gently,Adjust_Radio }T = { B.Hard, B.Gently, B.None, Left&Hard, Right&Hard, Left&Gently,Right&Gently, None, Turn_on_Lights, Adjust_Volume,Adjust_Station, Open_Window }P = { Reaction —> Brake - Steer | OtherBrake —> B.Hard | B.Gently | B.NoneSteer —> Left | Right | Hard | Gently | NoneLeft —> Left&Hard | Right&HardRight —> Right&Hard | Right&GentlyHard —> Left&Hard | Right&HardGently —> Left&Gently | Right&GentlyOther —> Turn_on_Lights | Adjust_Radio | Open_Window | ...Adjust_Radio —> Adjust_Volume | Adjust_Station }S = Reaction

2BrakeB.HardB.GentlyB.NoneReactionBrake - SteerOtherSteerLeft & HardRight & HardLeft & GentlyRight & GentlyLeftHardRightGentlyNoneOtherTurn_on_LightsAdjust_RadioOpen_WindowAdjust_Volume. . .Adjust_StationFigure A2.1. Vocabulary for describing reactions in the driving domainEvery reaction specified in table 3.1 can be obtained through a numberof different derivations in this very small and simple grammar. Also, manyother reactions in the driving domain can be expressed using this vocabulary(this is generally true especially for reactions, since there are usually a smallset of actions in a domain which can make up useful reactive plans in thatdomain). Since general reactions are often enough to be specified, thederivations may be stopped at those levels where the reaction expressed by thesentential form obtained thus far "contains" (according to the order relationdefined in chapter 4) all the elementary reactions acceptable in that situation.For example, if the agent only needs to reduce speed somewhat, than "Brake"may be sufficient, without qualifying the action further.Here is an example of deriving the reaction "Brake hard and steerright" to the first contingency in table 3.1 ("Child runs from right 20m infront of car"):Reaction —>Brake - Steer —>

3B.Hard - Steer —>B.Hard - Right.This derivation has already been stopped before reaching a sententialform made up only of terminals in the vocabulary, since the "Right"nonterminal could have been further refined to one of the two terminalsgiven by the production:Right —> Right&Hard | Right&Gently.It therefore represents a set of possible reactions, contained in thisdescription (i.e. derivable from it).Figure A2.2 presents the hierarchical vocabulary for representingsituations in the car driving domain.Some productions (both shown in figure A2.2 and omitted) may berealized through identification functions, as shown in chapter 4. For example,the grammar symbols Slow, Medium, Fast, can be considered nonterminals(instead of terminals like in this example), and the actual values of the speedcan be considered terminals. 4..

Situation

Problem

Object - Place

Plan

Airplane

Local.Transp

Walk

. . .

Context

C.Time

Weather

. . .

Direction - Speed

Adjust_Control

Action

Figure A2.2a. Vocabulay for describing situations in the driving domain

Internal_Expectations

Object

Sound

External_Expectations

Time

Very.Short

Short

Medium

Long

Very.Long

Problem — Plan — Context — Action — Internal_Expectations — External_Expectations — Time 5..

Object

Animate

Non-animate

Human

Animal

Can_take_care_of_himself

CatCow

A.Small

A.Big

Large & Heavy

Small & Heavy

Large & Light

Small & Light

Ball

Meteor

Brick

Mattress

Large

Heavy

Small

Light

Cannot_take_care_of_himself

Infant

Old. . .

Book

Figure A2.2b. Vocabulay for describing situations in the driving domain (continued) 6..

Place

Close & Known

Far & Known

Close & Unknown

Far & Unknown

Close

Known

FarUnknown

Office

Local.Transp

Drive

Ride

Public.Transp

CarTruck

Bike

Horse

BusSubway

. . .

C.Time

Day.Time

Year.Time

Morning Afternoon Evening Night

. . .Winter Spring Summer Fall

Weather

Sunny Rain Snow

Figure A2.2c. Vocabulay for describing situations in the driving domain (continued) 7.

Figure A2.2d. Vocabulay for describing situations in the driving domain (continued)

Steer

Left & Hard

Right & Hard

Left & Gently

Right & Gently

Left

Hard

Right

Gently

Straight

Direction

Speed

Slow Medium Fast

Constant

Accelerate

Break

A.Hard A.Slowly

B.Hard B.Slowly

Adjust_Control

Window

Radio

. . .

Sound

Type

Intensity

Gentle Harsh

Soft Loud

. . .. . .

8An example of such a function may then be:Slow = fs (speed) = 5 mph < speed < 20 mph,which can be used to perform the transition over the edge linking "Slow" withthe actual terminal, say "speed = 15 mph".We have collapsed the seven vocabularies for representing values forthe seven dimensions of the situation space into a single vocabulary, with thehelp of the first production of the grammar. Alternatively, we could havespecified seven independent grammars, by throwing out the first productionand the nonterminal Situation; each of these grammars would have had asstarting symbols the nonterminals: Situation, Problem, Plan, Context, Action,Internal_Expectations, External_Expectations, Time (respectively), asproductions all the productions which can be reached from their respectivestart symbols using the productions of the reunited grammar, and asnonterminals and terminals all those from the large grammar which areinvolved in the productions of each respective grammar.The hierarchy in figure A2.2 is equivalent (according to the formalismdiscussed in chapter 4) to the following grammar:G = (N, T, P, S), where:N = { Situation, Problem, Plan, Context, Action, Internal_Expectations,External_Expectations, Time,Object, Animate, Human, Cannot_take_care_of_himself, Animal,A.Small, A.Big, Non-animate, Large, Small, Heavy, Light,Large&Heavy, Small&Heavy, Large&Light, Small&Light, Place, Close, Far, Known, Unknown, Close&Unknown,Local.Transp, Drive, Ride, Public.Transp, C.Time, Day.Time, Year.Time, Weather,Direction, Steer, Left, Right, Hard, Gently,Speed, Constant, Accelerate, Break, Adjust_Control,Sound, Type, Intensity }T = { Airplane, Walk, Very.Short, Short, Medium, Long, Very.Long,Can_take_care_of_himself, Old, Infant, Cat, Cow, Meteor, Brick,Mattress, Book, Ball,Office, Far&Known, Close&Unknown, Far&Unknown, Car, Truck, Bike, Horse, Bus, Subway,Morning, Afternoon, Evening, Night, Winter, Spring, Summer, Fall,Sunny, Rain, Snow,Straight, Left&Hard, Right&Hard, Left&Gently, Right&Gently,Slow, Medium, Fast, A.Hard, A.Slowly, B.Hard, B.SlowlyWindow, Radio,Gentle, Harsh, Soft, Loud,. . . }P = { Situation —> Problem - Plan - Context - Action -Internal_Expectations - External_Expectations - TimeProblem —> Object - PlacePlan —> Airplane | Local.Transp | Walk | . . .Context —> C.Time | Weather | . . .Action —> Direction - Speed | Adjust_ControlInternal_Expectations —> Object | Sound | . . .

9External_Expectations —> Object | Sound | . . .Time —> Very.Short | Short | Medium | Long | Very.LongObject —> Animate | Non-animateAnimate —> Human | AnimalHuman —> Can_take_care_of_himself |Cannot_take_care_of_himselfCannot_take_care_of_himself —> Old | Infant | . . .Animal —> A.Small | A.BigA.Small —> Cat | . . .A.Big —> Cow | . . .Non-animate —> Large | Small | Heavy | LightLarge —> Large&Heavy | Large&LightSmall —> Small&Heavy | Small&LightHeavy —> Large&Heavy | Small&HeavyLight —> Large&Light | Small&LightLarge&Heavy —> Meteor | . . .Small&Heavy —> Brick | . . .Large&Light —> Mattress | . . .Small&Light —> Book | Ball | . . .Place —> Close | Far | Known | UnknownClose —> Close&Known | Close&UnknownFar —> Far&Known | Far&UnknownKnown —> Close&Known | Far&KnownUnknown —> Close&Unknown | Far&UnknownClose&Unknown —> Office | . . .Local.Transp —> Drive | Ride | Public.TranspDrive —> Car | TruckRide —> Bike | HorsePublic.Transp —> Bus | Subway | . . .C.Time —> Day.Time | Year.TimeDay.Time —> Morning | Afternoon | Evening | Night | . . .Year.Time —> Winter | Spring | Summer | FallWeather —> Sunny | Rain | SnowDirection —> Straight | SteerSteer —> Left | Right | Hard | GentlyLeft —> Left&Hard | Left&GentlyRight —> Right&Hard | Right&GentlyHard —> Left&Hard | Right&HardGently —> Left&Gently | Right&GentlySpeed —> Constant | Accelerate | BreakConstant —> Slow | Medium | FastAccelerate —> A.Hard | A.SlowlyBreak —> B.Hard | B.SlowlyAdjust_Control —> Window | Radio | . . .Sound —> Type | IntensityType —> Gentle | Harsh | . . .Intensity —> Soft | Loud | . . . }S = SituationMost of the driving domain situations encountered during this thesiscan now be obtained through a number of different derivations in thisgrammar. Also, many other situations in the driving domain can be expressed

10using this vocabulary. Clearly, this vocabulary is not enough to describe allpossible contingencies in the driving domain. It was not our goal to providesuch a vocabulary and grammar. However, it can be easily extended toencompass, in the same domain, any other desired situation which cannot berepresented yet.Contingencies and reactions are, in general, associated with sets ofsituations. Therefore, general situations are most often enough to be specified,and the derivations may be stopped at those levels where the situationexpressed by the sentential form obtained thus far "contains" (according tothe order relation defined in chapter 4) all the elementary situations to whichthe contingency or reaction apply. This knowledge structuring property ofthe representation formalism is most important here, since it helps containthe explosion of the situations in the domain, ensuring the representability ofthe knowledge needed for our planning-to-react decision framework in larged o m a i n s . While most situations encountered in chapter 3 can be derived in thisformalism, it also supports the derivation of many other situations for thedriving domain. In fact, just by enlarging the set of terminals, the number ofsituations expressible with this small grammar becomes very large indeed.This fact underlines the most important advantage of this representationformalism, namely imposing a (hierarchical) structure on the set of possiblesituations in the domain, which then makes them much easier to be stored,managed, analyzed and reasoned about.

1A p p e n d i x 3 A n e s t h e s i o l o g y D o m a i n E x p e r i m e n t s In order to demonstrate the applicability and scalability of the reactiondecision framework presented in chapter 3, we have run demonstrations inone other domain than those described in chapter 6. We briefly describe herethese demonstrations. The domain is anesthesiology, and I am indebted to Dr.David Gaba for letting me benefit from his time and knowledge by serving therole of the domain expert both for the knowledge acquisition task, as well asfor the evaluation phase of the experiments. Working in a professional domainof high expertise, we have used this time a single expert to provide us thenecessary knowledge (in contrast with the driving domain where we haveacquired it through a statistical analysis of the opinions of a group of expertsin the domain, as explained in section 6.1).Table A3.1 lists the set of 13 contingencies selected for this experiment,together with the reactions for each of them (in the "random" order specifiedby the expert), for the following situation:P r o b l e m : Anesthetize patient for bowel obstructionP l a n : Induce anesthesia [rapid sequence induction]Context:Middle of the night, emergency case, patient has coronaryartery disease (moderate) and chronic obstructivepulmonary disease (severe)Ext. Expect.:Change in vital signsInt. Expect.:Patient becomes unresponsive to commandsAction:Rapid sequence induction (Pentothal and Succinylcholinchave just been administered)Times:60 seconds.The expert was asked to translate his qualitative feelings intoquantitative values, and to concentrate more on relative values than on theabsolute values he was going to specify. The expert was not asked to order thecontingencies as he feels would be appropriate for a normal behavior. Rather,we have presented him with the system’s results and ask him to evaluate thebehavior recommended by our framework. The knowledge acquired from theexpert was for the following contingency characteristics: time to respond(real values in seconds), criticality, side-effects, and likelihood (all these threeon a scale of [0,10]). Contingency Reaction 1Patient vomits

2Turn head; suction mouth; intubate 2Patient does not "fall asleep"Check IV and syringe; give more drug 3Muscle fasciculations (twitching 2" to drug)Ensure patient does not fall asleep 4Decreased blood pressureIncrease IV rate; administer vasopressor 5Increased heart rateConsider deeper anesthesia or b blocker 6Cardiac ArrestACLS (Advanced Cardiac Life Support) 7Meteor strikes ORMove patient out of OR 8Failure of pipeline oxygen supplySwitch tanks ON; disconnect pipeline 9Failure of 1� and backup electric powerObtain flashlight10Inability to intubate tracheaVentilate by mask if possible; emer-gency procedures for difficult airway11Message from PACU about previous patientListen to the message12Severe bronchospasm (wheezing)Ensure correct intubation; treat with bronchodilators13O2 saturation decreases to < 90%Ventilate by mask or tube with 100% O2Table A3.1. Contingencies for the anesthesia domain experimentsWe have also asked the expert to calibrate his data by supplying valuesfor the expert model parameters for the recommended behavior model. These

3values were: 1 second for minimum real time (corresponding to Tm a x ), 30minutes for maximum real time threshold (corresponding to Tm i n ), 1.0 forminimum likelihood (Lm i n ), and 2.3 for the difference between consequencesand side-effects (CSm i n ). We did not ask the expert to actually give us afunction to translate from real time to time pressure, but rather we havespecified it ourselves, in such a way as to include most of the time pressures inthe interval [0,10]. The function we came up with is:ftc = k / timerc = 50 / timerc .We have experimented with significantly different values for k (between[10,100]) and the results obtained were remarkably similar (actually most wereidentical) with the ones reported here. However, we have settled for the valuek = 50, for the reason stated above (all but one time pressure values arebetween [0,10], with a reasonable spread in this interval). The results of theknowledge acquisition process in this domain are summarized in table A3.2 (inthe same order as the previous table). Contingencyt i m e r c t i m e pc o n s e q u e n c e s i d e - e f f e c t l i k e l i h o o d 1v o m i t 15.0 3.33 8.0 2.0 7.0 2not fall asleep 45.0 1.11 7.0 4.0 4.0 3muscle fascic. 100.0 0.5 3.0 1.0 8.0 4decreased BP

4 15.0 3.33 8.0 5.0 6.0 5increased HR 15.0 3.33 6.0 6.0 7.0 6cardiac arrest 5.0 10.0 10.0 7.0 2.0 7m e t e o r 0.1500.0 9.0 7.0 0.01 8O2 supply fails 30.0 1.67 8.5 5.0 1.0 9power failure 30.0 1.67 6.0 5.0 1.010can’t intubate 10.0 5.0 9.5

5 8.0 5.011PACU message 200.0 0.25 1.0 1.0 4.012b r o n c h o s p a s m 25.0 2.0 9.0 7.0 6.013O2 sat < 90% 15.0 3.33 8.0 4.0 6.0Table A3.2. Data values for the anesthesiology domain experimentsWe have first run the "normal" behavior model on these contingencies.The values for the criticality function parameters given by the behaviormodel were the same as for the driving domain:p1 = 5, p2 = 1, p3 = 0, p4 = 0, p5 = 3, p6 = 2,with the parameters specified by the expert model (and discussed above) closeto those given in section 6.2. Table A3.3 summarizes the results of this run. Thecontingencies are this time numbered in the order specified by the criticalityfunction for this case, which we shall call from now on the"system-recommended" order (since it was obtained by running the systemwith the recommended behavior model). There are two possible monitoringthresholds, since there are two significant gaps in the sequence of valuesreturned by the criticality function. Contingency Criticality Monitor 1cardiac arrest 5.95E8

6 yes 2v o m i t 9.22E7 yes 3can’t intubate 4.07E7 yes 4O2 sat < 90% 2.96E7 yes 5decreased BP 1.76E7 yes 6increased HR 1.47E6 yes 7b r o n c h o s p a s m 8.24E5 yes 8not fall asleep 2.82E4 ?? 9O2 supply fail 2.13E4 ??

7 10power failure 2.77E3 ?? 11muscle fascic. 4.77E2 ?? 12PACU messg 0.19 13m e t e o r 0.00Table A3.3. Criticality values for the "normal" behavior model, for the anesthesiology domain experimentsAs mentioned before, the expert was not required to order thecontingencies by reaction value according to his belief of what therecommended behavior should be like. However, when presented with theresults, he characterized them as "definitely reasonable". This shows asignificant portability of the behavior model and of all the parameter valuesfor the criticality function, across domains (since the driving andanesthesiology domains are significantly different in nature, and the expertshave specified their knowledge in the two domains independent of eacho t h e r ) . We have then run our framework on this data, for all the otherbehavior models defined in section 6.3. We summarize in table A3.4 the valueswe have used for the criticality function parameters in each run for thisdomain. Note that all the behavior model parameters (p1 to p6 ) have receivedidentical values for the two domains. Also most of the expert model parametersare unchanged, and the changes reflect the different calibrations of theexperts when they have specified the data. Behavior Model Expert ModelBehavior p1 p2 p3 p4 p5 p6

8Tmax Tmin CSmax LminRecommended 5 1 0 0 3 2 50.0 0.028 2.3 1.0Antiauthority 5 1 0 0 3 0Impulsivity 0 0 0 0 0 3 5.0 5.0Invulnerability 5 1 0 0 3 2 5.2Macho 4 1 0 0 0 3 10.0Resignation 5 1 0 0 3 2 2.0Risk-averse 2 2 4 2 1 1Liability conscious 3 3 1 2 1 2500.0 0.0 0.0Social responsibility 4 3 0 0 4 3Table A3.4 Representing Behavior ModelsTable A3.5 summarizes the results of these experiments. We have alsoshown the reaction values produced by the criticality function. Their absolutevalues have no meaning whatsoever; what matters are their relative values

9(and only within the same behavior model), which represent the relativevalue of reacting to one contingency vs. another in a same situation. For eachbehavior, monitoring thresholds were set (for the expert model) in regions ofthe contingency space where there are big gaps among the reaction values ofthe contingencies ordered by criticality. The thresholds are represented bythicker lines separating the contingencies for each behavior into two or threesets (in many cases, two possible places were indicated for this threshold). Behavior Model 1 Behavior Model 2 Behavior Model 3 (Recommended) (Antiauthority) (Impulsivity) 1cardiac arrest5.95E8 1cardiac arrest1.48E8 3can’t intubate1.25E2 2v o m i t 9.22E7 2v o m i t 1.88E611muscle fascic.22.62 3

10can’t intubate4.07E7 3can’t intubate1.62E6 2v o m i t 18.52 4O2 sat < 90%2.96E7 4O2 sat < 90%8.23E5 6increased HR18.52 6decreased BP1.76E7 5decreased BP4.90E5 7b r o n c h o s p a s m 14.69 5increased HR1.47E6 6increased HR3.00E4 5decreased BP14.69 7b r o n c h o s p a s m 8.24E5 7b r o n c h o s p a s m 2.28E4 4O2 sat < 90%14.69 8

11not fall asleep2.82E4 9O2 supply fail2.13E4 8not fall asleep8.00 9O2 supply fail2.13E410power failure2.77E312PACU messg8.0010power failure2.77E3 8not fall asleep1.76E3 1cardiac arrest2.8211muscle fascic.4.77E211muscle fascic.7.45 9O2 supply fail1.0012PACU messg0.1912PACU messg1.1E-210power failure1.0013

12m e t e o r 0.0013m e t e o r 0.0013m e t e o r 0.00Table A3.5 Reactive Behavior Experiments for Anesthesiology Behavior Model 4 Behavior Model 5 Behavior Model 6 (Invulnerability) (Macho) (Resignation) 2v o m i t 9.22E7 1cardiac arrest8.00E5 7b r o n c h o s p a s m 8.24E5 4O2 sat < 90%2.96E7 3can’t intubate7.42E5 8not fall asleep

132.82E4 5decreased BP1.76E7 2v o m i t 3.28E5 9O2 supply fail2.13E4 6increased HR1.47E6 6increased HR2.54E510power failure2.77E3 7b r o n c h o s p a s m 8.24E5 5decreased BP2.13E511muscle fascic.4.77E2 1cardiac arrest2.44E4 4O2 sat < 90%2.13E512PACU messg0.19 3can’t intubate6.38E3 7b r o n c h o s p a s m 3.11E4 1cardiac arrest

140.0011muscle fascic.4.77E2 8not fall asleep6.82E2 3can’t intubate0.00 8not fall asleep1.68E211muscle fascic.96.0013m e t e o r 0.00 9O2 supply fail1.46E2 9O2 supply fail65.58 2v o m i t 0.0010power failure52.6510power failure46.29 5decreased BP0.0012PACU messg0.4312PACU messg0.25 4O2 sat < 90%

150.0013m e t e o r 0.0013m e t e o r 0.00 6increased HR0.00Table A3.5 Reactive Behavior Experiments for Anesthesiology (continued) Behavior Model 7 Behavior Model 8 Behavior Model 9 (Risk-averse) (Liability conscious) (Social responsibility) 1cardiac arrest7.3E1013m e t e o r 7.0E10 2v o m i t 1.0E11 3can’t intubate5.3E10 1

16cardiac arrest4.2E10 1cardiac arrest6.3E10 7b r o n c h o s p a s m 5.13E9 3can’t intubate2.4E10 4O2 sat < 90%2.1E10 5decreased BP2.38E9 5decreased BP3.05E9 3can’t intubate1.3E10 6increased HR1.20E9 4O2 sat < 90%2.47E9 5decreased BP1.0E10 4O2 sat < 90%9.90E8 7b r o n c h o s p a s m 1.61E9 7b r o n c h o s p a s m 8.61E8 9O2 supply fail1.32E8 2

17v o m i t 1.54E9 6increased HR2.55E8 2v o m i t 6.61E7 6increased HR7.78E8 8not fall asleep2.64E7 8not fall asleep3.97E7 8not fall asleep1.93E7 9O2 supply fail5.36E610power failure2.49E7 9O2 supply fail1.50E710power failure1.97E511muscle fascic.1.23E310power failure1.99E611muscle fascic.2.95E512PACU messg2.3011

18muscle fascic.1.48E412PACU messg6.9913m e t e o r 0.0012PACU messg2.3013m e t e o r 0.00Table A3.5 Reactive Behavior Experiments for Anesthesiology (continued)The numbering of contingencies for each behavior model in table A3.5is the same as for the recommended behavior. This was done in order tofacilitate comparisons of each behavior model with the "normal" one.In chapter 5, we have defined a behavior model to be an orderrelationship on the set of contingencies associated with a situation. Therefore,in these experiments, we only concentrate on the ordering of contingenciesby reaction value (and sometimes relative values of the criticality function,but never on its absolute values), and ignore any issues related to the reactiveplanner model and the agent model, that is we ignore the final decision ofapplying the framework to a set of contingencies. This is consistent with thepurpose of our demonstrations here, since any specific agent (with a givenreactive planner and resource limitations) may exhibit any of the reactionbehaviors discussed, depending only on the order in which its behavior modelrecommends the contingencies for consideration to be reacted to, and not onthe actual components and resources of the agent.The results of these demonstrations require a certain amount ofinterpretation (this is necessary especially since the definitions of thesebehavior models are generally based on execution time types of reactions,while we attempt here to implement them at planning time). For example, forthe a n t i a u t h o r i t y behavior model, the order of contingencies does not changemuch, since here almost all contingencies considered are covered byregulations or procedures; only "not fall asleep" goes down since after all thisis precisely what we want to achieve and is therefore best covered byprocedures in this case. In the i n v u l n e r a b i l i t y case, "cardiac arrest" and "can’tintubate" fall significantly (possibly even below the monitoring threshold)because they are not likely enough in this particular situation (for thisparticular patient) where the likelihood threshold has been increased due tothe type of behavior under consideration. Also "muscle fasciculations"advances a lot because of its high likelihood compared to the othercontingencies. In the liability conscious behavior, the agent considers almostall consequences, except "message from PACU" because of its very long time ofresponse which should allow for replanning (here "meteor strikes operatingroom" becomes very high priority, since once it is considered - regardless ofits much too short response time allowed - its very high time pressure and

19consequences make it very high priority. Similar arguments can be made forthe results of each of the behavior models used in this demonstration.The interpretation of our results shows (in the expert’s opinion) thatthey are reasonable and consistent with the generally accepted(execution-time) definition of each behavior model, and that there is aplausible explanation for the results that maps them into the corresponding(conceptual) behaviors. These demonstrations again show that our formalismmay at least provide a reasonable basis for representing and exchanginginformation and ideas about reaction-related behavior models, and thus forinterpreting and studying different behaviors, in a considerable variety ofdomains (from mundane tasks like car driving, to highly specialized ones likemedical domains). A possible use is to start from a specific behavior (order onthe set of contingencies) exhibited by an agent, discover - using machinelearning techniques - the parameters of the behavior model which emulatesthis behavior in our framework, and then use these parameters tocharacterize the behavior and maybe to attempt to consciously modify it.However, these are only speculations at this point, since as stated before, muchresearch is still needed to refine such a behavior description formalism into auseful tool for changing ideas among behavioral experts.

1A p p e n d i x 4 I n t e n s i v e C a r e D o m a i n E x p e r i m e n t s We present here some of the results of the experiments we haveconducted with our framework in the intensive care monitoring domain. Thisappendix mainly complements section 6.4. #Contingency (Response would be the typical response for this event)R e s p o n s e time (min)Conse-quences Side-effectsLikeli-hood 1m y o c a r d i a l - d e p r e s s i o n - p o s t - c p b 10 8.573 2m y o c a r d i a l - d e p r e s s i o n - s e p s i s 20 87.51 3d e c r e a s e d - p r e l o a d 20 737 4i n c r e a s e d - a f t e r l o a d 20 6.554 5

2c a r d i a c - t a m p o n a d e 5 8.57.53 6h y p o v o l e m i a 20 737 7m y o c a r d i a l - i s c h e m i a 5 863 8m y o c a r d i a l - i n f a r c t i o n 60 653 9r i g h t - h e a r t - f a i l u r e 10 87210digitalis-toxicity180 54211p o s t o p - h y p e r t e n s i o n 20 6.55412c a r d i a c - a r r e s t 1

3108113v e n t r i c u l a r - f i b r i l l a t i o n 1 108114v e n t r i c u l a r - e c t o p y 5 77615s i n u s - b r a d y c a r d i a 5 75316a t r i a l - f i b r i l l a t i o n 20 76417p a r o x y s m a l - s u p r a v e n t r i c - t a c h y c a r d i a 20 66418v e n t r i c u l a r - t a c h y c a r d i a 1 97219s i n u s - t a c h y c a r d i a 10 65

4720h y p o x i a 5 86421r e s p i r a t o r y - a c i d o s i s 60 64422c a r d i o g e n i c - p u l m o n a r y - e d e m a 10 8.57323n o n c a r d i o g e n i c - p u l m o n a r y - e d e m a 20 8.582Table A4.1 Contingencies for the ICU domain24atelectasis120 6.556.525p n e u m o t h o r a x 10 87326h e m o t h o r a x 10 77

5427c h y l o t h o r a x 120 77228a s p i r a t i o n - p n e u m o n i a 240 85129p n e u m o n i a 240 75330d i a p h r a g m a t i c - p a r a l y s i s 600 87131b r o n c h o s p a s m 30 87432p u l m o n a r y - e m b o l i s m 10 8.57.5333ARDS120 8.582

634e t - t u b e - d i s c o n n e c t i o n 2 102435k i n k e d - e t - t u b e 5 82436r i g h t - m a i n s t e m - i n t u b a t i o n 20 6.53237d i s s e m i n a t e d - i n t r a v a s c u l a r - c o a g u l a t 60 87238d i l u t i o n a l - c o a g u l o p a t h y 60 73539p l a t e l e t - d e f i c i e n c y 60 73540a c u t e - h e m o l y t i c - t r a n s f u s i o n - r e a c t 10 8.55141f e b r i l e - n o n h e m o l y t i c - t r a n s f u s - r e a c t

720 6.5 4242m e c h a n i c a l - b l e e d i n g 20 7.57.5443f i b r i n o g e n - d e f e c t s 60 73544e x t r i n s i c - p a t h w a y - d e f e c t s 60 73545i n t r i n s i c - p a t h w a y - d e f e c t s 60 73546c e r e b r o v a s c u l a r - i s c h e m i a 60 8.57.5247c e r e b r o v a s c u l a r - e m b o l i s m 30 97.5148endotoxemia120 8.5

88149r e w a r m i n g 240 33750h y p o t h e r m i a 240 44751h y p e r g l y c e m i a 120 54252metabolic-acidosis60 6.54353a c u t e - r e n a l - f a i l u r e 300 98154a c u t e - t u b u l a r - n e c r o s i s 300 98155p r e r e n a l - a z o t e m i a 300 553

956r e n a l - a z o t e m i a 300 56157r e n a l - e m b o l i s m 300 77158h i g h - c l 120 64659l o w - c l 120 64260h i g h - c a 60 76161l o w - c a 60 63662l o w - m g 60 73763

10h i g h - m g 60 85264l o w - n a 30 72265h i g h - n a 60 63266d i l u t i o n a l - l o w - n a 30 72267l o w - k 30 7.55568h i g h - k 30 874Table A4.1 Contingencies for the ICU domain (continued)#Contingency (Response would be the typical response for this event)Resp.t i m e Conse-quences Side- eff.

11L i k e l i - hoodCriti-c a l i t y 34e t - t u b e - d i s c o n n e c t i o n 210244.2E1218v e n t r i c u l a r - t a c h y c a r d i a 19722.2E1213v e n t r i c u l a r - f i b r i l l a t i o n 110816.1E1112c a r d i a c - a r r e s t 110816.1E1135k i n k e d - e t - t u b e 58241.8E1020h y p o x i a 5864

122.53E9 7m y o c a r d i a l - i s c h e m i a 58631.42E915s i n u s - b r a d y c a r d i a 57531.24E914v e n t r i c u l a r - e c t o p y 57767.62E8 5c a r d i a c - t a m p o n a d e 58.57.536.84E819s i n u s - t a c h y c a r d i a 106578.21E722c a r d i o g e n i c - p u l m o n a r y - e d e m a 108.5733.26E7 1

13m y o c a r d i a l - d e p r e s s i o n - p o s t - c p b 108.5733.26E732p u l m o n a r y - e m b o l i s m 108.57.532.13E7 6h y p o v o l e m i a 207372.08E7 3d e c r e a s e d - p r e l o a d 207372.08E725p n e u m o t h o r a x 108732.01E740a c u t e - h e m o l y t i c - t r a n s f u s i o n - r e a c t 108.5511.28E726h e m o t h o r a x 107

14741.05E7 9r i g h t - h e a r t - f a i l u r e 108728.94E611p o s t o p - h y p e r t e n s i o n 206.5541.38E6 4i n c r e a s e d - a f t e r l o a d 206.5541.38E636r i g h t - m a i n s t e m - i n t u b a t i o n 206.5321.23E616a t r i a l - f i b r i l l a t i o n 207649.78E541f e b r i l e - n o n h e m o l y t i c - t r a n s f u s - r e a c t 206.5426.98E5

1567l o w - k 307.5556.63E542m e c h a n i c a l - b l e e d i n g 207.57.543.54E566d i l u t i o n a l - l o w - n a 307223.48E564l o w - n a 307223.48E517p a r o x y s m a l - s u p r a v e n t r i c - t a c h y c a r d i a 206642.83E523n o n c a r d i o g e n i c - p u l m o n a r y - e d e m a 208.5821.81E568h i g h - k

16308741.47E531b r o n c h o s p a s m 308741.47E562l o w - m g 607378.57E445i n t r i n s i c - p a t h w a y - d e f e c t s 607354.37E444e x t r i n s i c - p a t h w a y - d e f e c t s 607354.37E443f i b r i n o g e n - d e f e c t s 607354.37E439p l a t e l e t - d e f i c i e n c y 6073

1754.37E438d i l u t i o n a l - c o a g u l o p a t h y 607354.37E4 2m y o c a r d i a l - d e p r e s s i o n - s e p s i s 2087.514.26E461l o w - c a 606363.21E447c e r e b r o v a s c u l a r - e m b o l i s m 3097.511.58E421r e s p i r a t o r y - a c i d o s i s 606447.63E3Table A4.2. ICU domain contingencies ordered by criticality for Tmin = 0.5 (2 hours) and Lmin = 152metabolic-acidosis606.54

1836.46E363h i g h - m g 608524.76E365h i g h - n a 606323.57E3 8m y o c a r d i a l - i n f a r c t i o n 606531.94E346c e r e b r o v a s c u l a r - i s c h e m i a 608.57.521.22E337d i s s e m i n a t e d - i n t r a v a s c u l a r - c o a g u l a t 608721.14E358h i g h - c l 1206465.36E2

1924atelectasis1206.556.54.70E260h i g h - c a 607612.51E259l o w - c l 12064259.6333ARDS1208.58223.3251h y p e r g l y c e m i a 12054222.4627c h y l o t h o r a x 12077210.6448endotoxemia120

208.5815.8329p n e u m o n i a 2407532.2110digitalis-toxicity1805421.7150h y p o t h e r m i a 2404471.5249r e w a r m i n g 2403371.3228a s p i r a t i o n - p n e u m o n i a 2408511.0755p r e r e n a l - a z o t e m i a 300553

210.4154a c u t e - t u b u l a r - n e c r o s i s 3009810.3253a c u t e - r e n a l - f a i l u r e 3009810.3257r e n a l - e m b o l i s m 3007710.1656r e n a l - a z o t e m i a 3005615.9E-230d i a p h r a g m a t i c - p a r a l y s i s 6008715.3E-2Table A4.2. ICU domain contingencies ordered by criticality for Tmin = 0.5 (2 hours) and Lmin = 1 (continued)Table A4.1 lists the entire set of 68 contingencies defined by the expertsin the domain for the situations described in figure 6.1, together with theircharacteristic valuesm. The contingencies are listed in the order specified bythe experts (grouped by categories of complications that may develop).The first part of this demonstration consisted in running the criticalityfunction part of the framework on this data set, for the recommendedbehavior model (section 6.3). We have done this for several expert models

22which differ in the minimum time pressure threshold (Tm i n ) value, and theminimum likelihood threshold (Lm i n ) value. We shall present here only theresults of four such experiments, although we have made a much largern u m b e r . Table A4.2 shows the order of the contingencies given by the "normal"behavior model for a maximum reaction time of 2 hours (Tm i n = 0.5) and aminimum likelihood of 1. The rest of the expert model parameters are leftunchanged during all these experiments (they are: ftc = 60 / timerc; Tm a x = 100(36 seconds); CSmin = 2.3).#Contingency (Response would be the typical response for this event)Resp.t i m e Conse-quences Side-e f f . L i k e l i - hoodCriti-c a l i t y 34e t - t u b e - d i s c o n n e c t i o n 210244.2E1218v e n t r i c u l a r - t a c h y c a r d i a 19722.2E1235k i n k e d - e t - t u b e 58241.8E1020h y p o x i a 5

238642.53E9 7m y o c a r d i a l - i s c h e m i a 58631.42E915s i n u s - b r a d y c a r d i a 57531.24E914v e n t r i c u l a r - e c t o p y 57767.62E8 5c a r d i a c - t a m p o n a d e 58.57.536.84E819s i n u s - t a c h y c a r d i a 106578.21E722c a r d i o g e n i c - p u l m o n a r y - e d e m a 108.573

243.26E7 1m y o c a r d i a l - d e p r e s s i o n - p o s t - c p b 108.5733.26E732p u l m o n a r y - e m b o l i s m 108.57.532.13E7 6h y p o v o l e m i a 207372.08E7 3d e c r e a s e d - p r e l o a d 207372.08E725p n e u m o t h o r a x 108732.01E726h e m o t h o r a x 107741.05E7 9

25r i g h t - h e a r t - f a i l u r e 108728.94E611p o s t o p - h y p e r t e n s i o n 206.5541.38E6 4i n c r e a s e d - a f t e r l o a d 206.5541.38E636r i g h t - m a i n s t e m - i n t u b a t i o n 206.5321.23E616a t r i a l - f i b r i l l a t i o n 207649.78E513v e n t r i c u l a r - f i b r i l l a t i o n 110817.86E512c a r d i a c - a r r e s t 110

26817.86E541f e b r i l e - n o n h e m o l y t i c - t r a n s f u s - r e a c t 206.5426.98E567l o w - k 307.5556.63E542m e c h a n i c a l - b l e e d i n g 207.57.543.54E566d i l u t i o n a l - l o w - n a 307223.48E564l o w - n a 307223.48E517p a r o x y s m a l - s u p r a v e n t r i c - t a c h y c a r d i a 206642.83E5

2723n o n c a r d i o g e n i c - p u l m o n a r y - e d e m a 208.5821.81E568h i g h - k 308741.47E531b r o n c h o s p a s m 308741.47E562l o w - m g 607378.57E445i n t r i n s i c - p a t h w a y - d e f e c t s 607354.37E444e x t r i n s i c - p a t h w a y - d e f e c t s 607354.37E443f i b r i n o g e n - d e f e c t s

28607354.37E439p l a t e l e t - d e f i c i e n c y 607354.37E438d i l u t i o n a l - c o a g u l o p a t h y 607354.37E461l o w - c a 606363.21E421r e s p i r a t o r y - a c i d o s i s 606447.63E3Table A4.3. ICU domain contingencies ordered by criticality for Tmin = 0.5 (2 hours) and Lmin = 252metabolic-acidosis606.5436.46E363h i g h - m g

29608524.76E340a c u t e - h e m o l y t i c - t r a n s f u s i o n - r e a c t 108.5513.59E365h i g h - n a 606323.57E3 8m y o c a r d i a l - i n f a r c t i o n 606531.94E346c e r e b r o v a s c u l a r - i s c h e m i a 608.57.521.22E337d i s s e m i n a t e d - i n t r a v a s c u l a r - c o a g u l a t 608721.14E358h i g h - c l 12064

3065.36E224atelectasis1206.556.54.70E2 2m y o c a r d i a l - d e p r e s s i o n - s e p s i s 2087.512.06E247c e r e b r o v a s c u l a r - e m b o l i s m 3097.511.25E259l o w - c l 12064259.6333ARDS1208.58223.3251h y p e r g l y c e m i a 12054222.46

3160h i g h - c a 6076115.8627c h y l o t h o r a x 12077210.6448endotoxemia1208.5812.4129p n e u m o n i a 2407532.2110digitalis-toxicity1805421.7150h y p o t h e r m i a 2404471.5249r e w a r m i n g 240

323371.3228a s p i r a t i o n - p n e u m o n i a 2408511.0755p r e r e n a l - a z o t e m i a 3005530.4154a c u t e - t u b u l a r - n e c r o s i s 3009810.3253a c u t e - r e n a l - f a i l u r e 3009810.3257r e n a l - e m b o l i s m 3007710.1656r e n a l - a z o t e m i a 300561

335.9E-230d i a p h r a g m a t i c - p a r a l y s i s 6008715.3E-2Table A4.3. ICU domain contingencies ordered by criticality for Tmin = 0.5 (2 hours) and Lmin = 2 (continued)To show the effect of varying the likelihood parameter in the expertmodel, table A4.3 presents the ordering of contingencies according to the samebehavior model, with all the parameters unchanged except the minimumlikelihood raised at 2. We can see that highly consequential but low likelihoodcontingencies like v e n t r i c u l a r - f i b r i l l a t i o n and c a r d i a c - a r r e s t experience asignificant drop in criticality (from the 3rd place to the 22nd). However, theirhigh consequences and high time pressure ensure that they do not fall verymuch (they are still ranked by the framework in the first third of all thecontingencies considered).#Contingency (Response would be the typical response for this event)Resp.t i m e Conse-quences Side-e f f . L i k e l i - hoodCriti-c a l i t y 34e t - t u b e - d i s c o n n e c t i o n 210244.2E1218v e n t r i c u l a r - t a c h y c a r d i a 19722.2E12

3413v e n t r i c u l a r - f i b r i l l a t i o n 110816.1E1112c a r d i a c - a r r e s t 110816.1E1135k i n k e d - e t - t u b e 58241.8E1020h y p o x i a 58642.53E9 7m y o c a r d i a l - i s c h e m i a 58631.42E915s i n u s - b r a d y c a r d i a 57531.24E914v e n t r i c u l a r - e c t o p y 5

357767.62E8 5c a r d i a c - t a m p o n a d e 58.57.536.84E819s i n u s - t a c h y c a r d i a 106578.21E722c a r d i o g e n i c - p u l m o n a r y - e d e m a 108.5733.26E7 1m y o c a r d i a l - d e p r e s s i o n - p o s t - c p b 108.5733.26E732p u l m o n a r y - e m b o l i s m 108.57.532.13E7 6h y p o v o l e m i a 20737

362.08E7 3d e c r e a s e d - p r e l o a d 207372.08E725p n e u m o t h o r a x 108732.01E740a c u t e - h e m o l y t i c - t r a n s f u s i o n - r e a c t 108.5511.28E726h e m o t h o r a x 107741.05E7 9r i g h t - h e a r t - f a i l u r e 108728.94E611p o s t o p - h y p e r t e n s i o n 206.5541.38E6 4

37i n c r e a s e d - a f t e r l o a d 206.5541.38E636r i g h t - m a i n s t e m - i n t u b a t i o n 206.5321.23E616a t r i a l - f i b r i l l a t i o n 207649.78E541f e b r i l e - n o n h e m o l y t i c - t r a n s f u s - r e a c t 206.5426.98E567l o w - k 307.5556.63E542m e c h a n i c a l - b l e e d i n g 207.57.543.54E566d i l u t i o n a l - l o w - n a 307

38223.48E564l o w - n a 307223.48E517p a r o x y s m a l - s u p r a v e n t r i c - t a c h y c a r d i a 206642.83E523n o n c a r d i o g e n i c - p u l m o n a r y - e d e m a 208.5821.81E568h i g h - k 308741.47E531b r o n c h o s p a s m 308741.47E5 2m y o c a r d i a l - d e p r e s s i o n - s e p s i s 2087.514.26E4

3947c e r e b r o v a s c u l a r - e m b o l i s m 3097.511.58E462l o w - m g 607372.92E245i n t r i n s i c - p a t h w a y - d e f e c t s 607352.09E244e x t r i n s i c - p a t h w a y - d e f e c t s 607352.09E243f i b r i n o g e n - d e f e c t s 607352.09E239p l a t e l e t - d e f i c i e n c y 607352.09E238d i l u t i o n a l - c o a g u l o p a t h y

40607352.09E261l o w - c a 606361.79E221r e s p i r a t o r y - a c i d o s i s 6064487.36Table A4.4. ICU domain contingencies ordered by criticality for Tmin = 2 (30 minutes) and Lmin = 152metabolic-acidosis606.54380.4363h i g h - m g 6085269.0265h i g h - n a 6063259.77 8m y o c a r d i a l - i n f a r c t i o n 60

4165344.0546c e r e b r o v a s c u l a r - i s c h e m i a 608.57.5234.9537d i s s e m i n a t e d - i n t r a v a s c u l a r - c o a g u l a t 6087233.9158h i g h - c l 12064623.1624atelectasis1206.556.521.7060h i g h - c a 6076115.8659l o w - c l 120642

427.7233ARDS1208.5824.8251h y p e r g l y c e m i a 1205424.7327c h y l o t h o r a x 1207723.2648endotoxemia1208.5812.4129p n e u m o n i a 2407532.2110digitalis-toxicity1805421.7150

43h y p o t h e r m i a 2404471.5249r e w a r m i n g 2403371.3228a s p i r a t i o n - p n e u m o n i a 2408511.0755p r e r e n a l - a z o t e m i a 3005530.4154a c u t e - t u b u l a r - n e c r o s i s 3009810.3253a c u t e - r e n a l - f a i l u r e 3009810.3257r e n a l - e m b o l i s m 3007

44710.1656r e n a l - a z o t e m i a 3005615.9E-230d i a p h r a g m a t i c - p a r a l y s i s 6008715.3E-2Table A4.4. ICU domain contingencies ordered by criticality for Tmin = 2 (30 minutes) and Lmin = 1 (continued)Tables A4.4 and A4.5 show the effect of increasing the time pressurethreshold. While table A4.2 contains the contingencies ordered according to anexpert model which recommends reactions for contingencies with allowedresponse time of up to 2 hours from the time a contingency is detected, tableA4.4 reduces this time to half an hour (minimum time pressure Tm i n = 2), andtable A4.5 reduces it even further, to just 5 minutes (minimum time pressureT m i n = 12). Notice that contingencies with very low likelihood but higher timepressure (like m y o c a r d i a l - d e p r e s s i o n - s e p s i s and c e r e b r o v a s c u l a r - e m b o l i s m )advance over more likely contingencies but with time pressure lower than therecommended reaction threshold, in table A4.4. However, when the timepressure threshold is raised significantly more (table A4.5), we obtain anidentical ordering with the initial one in table A4.2, because the expert hasrecommended reactions only for very time critical contingencies, which wereranked as having high criticality by the framework even from the beginning,other things being equal. There is however a significant difference betweentables A4.2 and A4.5 (and to a lesser extent table A4.4), namely a clearthreshold for monitoring. In the case of a very low time pressure threshold (2hours), there is no such clear threshold, since the criticality of contingenciesdecreases gradually in table A4.2, without a clear gap. This is because, whenthe maximum reaction time recommended is very large, the time pressure forcontingencies with long allowed response time is so small anyway, that it doesnot influence the criticality of that contingency too much. This contrasts withthe cases when the maximum reaction time recommended is small, for whichthe time pressure is high enough to make a significant difference in thecriticality value. This is why in table A4.5 we have a clear threshold (given bya significant gap in the sequence of criticality values) after the 10thcontingency in the sequence (c a r d i a c - t a m p o n a d e ). The same phenomenontakes place in table A4.4 after the c e r e b r o v a s c u l a r - e m b o l i s m contingency.

45#Contingency (Response would be the typical response for this event)Resp.t i m e Conse-quences Side-e f f . L i k e l i - hoodCriti-c a l i t y 34e t - t u b e - d i s c o n n e c t i o n 210244.2E1218v e n t r i c u l a r - t a c h y c a r d i a 19722.2E1213v e n t r i c u l a r - f i b r i l l a t i o n 110816.1E1112c a r d i a c - a r r e s t 110816.1E1135k i n k e d - e t - t u b e 5824

461.8E1020h y p o x i a 58642.53E9 7m y o c a r d i a l - i s c h e m i a 58631.42E915s i n u s - b r a d y c a r d i a 57531.24E914v e n t r i c u l a r - e c t o p y 57767.62E8 5c a r d i a c - t a m p o n a d e 58.57.536.84E819s i n u s - t a c h y c a r d i a 106579.06E322

47c a r d i o g e n i c - p u l m o n a r y - e d e m a 108.5735.71E3 1m y o c a r d i a l - d e p r e s s i o n - p o s t - c p b 108.5735.71E332p u l m o n a r y - e m b o l i s m 108.57.534.62E3 6h y p o v o l e m i a 207374.56E3 3d e c r e a s e d - p r e l o a d 207374.56E325p n e u m o t h o r a x 108734.48E340a c u t e - h e m o l y t i c - t r a n s f u s i o n - r e a c t 108.5

48513.59E326h e m o t h o r a x 107743.25E3 9r i g h t - h e a r t - f a i l u r e 108722.99E311p o s t o p - h y p e r t e n s i o n 206.5541.17E3 4i n c r e a s e d - a f t e r l o a d 206.5541.17E336r i g h t - m a i n s t e m - i n t u b a t i o n 206.5321.11E3Table A4.5. ICU domain contingencies ordered by criticality for Tmin = 12 (5 minutes) and Lmin = 116a t r i a l - f i b r i l l a t i o n 207

49649.88E241f e b r i l e - n o n h e m o l y t i c - t r a n s f u s - r e a c t 206.5428.35E267l o w - k 307.5558.14E242m e c h a n i c a l - b l e e d i n g 207.57.545.95E266d i l u t i o n a l - l o w - n a 307225.90E264l o w - n a 307225.90E217p a r o x y s m a l - s u p r a v e n t r i c - t a c h y c a r d i a 206645.32E2

5023n o n c a r d i o g e n i c - p u l m o n a r y - e d e m a 208.5824.25E268h i g h - k 308743.83E231b r o n c h o s p a s m 308743.83E262l o w - m g 607372.92E245i n t r i n s i c - p a t h w a y - d e f e c t s 607352.09E244e x t r i n s i c - p a t h w a y - d e f e c t s 607352.09E243f i b r i n o g e n - d e f e c t s

51607352.09E239p l a t e l e t - d e f i c i e n c y 607352.09E238d i l u t i o n a l - c o a g u l o p a t h y 607352.09E2 2m y o c a r d i a l - d e p r e s s i o n - s e p s i s 2087.512.06E261l o w - c a 606361.79E247c e r e b r o v a s c u l a r - e m b o l i s m 3097.511.25E221r e s p i r a t o r y - a c i d o s i s 6064

52487.3652metabolic-acidosis606.54380.4363h i g h - m g 6085269.0265h i g h - n a 6063259.77 8m y o c a r d i a l - i n f a r c t i o n 6065344.0546c e r e b r o v a s c u l a r - i s c h e m i a 608.57.5234.9537d i s s e m i n a t e d - i n t r a v a s c u l a r - c o a g u l a t 6087233.91

5358h i g h - c l 12064623.1624atelectasis1206.556.521.7060h i g h - c a 6076115.8659l o w - c l 1206427.7233ARDS1208.5824.8251h y p e r g l y c e m i a 1205424.7327c h y l o t h o r a x 120

547723.2648endotoxemia1208.5812.4129p n e u m o n i a 2407532.2110digitalis-toxicity1805421.7150h y p o t h e r m i a 2404471.5249r e w a r m i n g 2403371.3228a s p i r a t i o n - p n e u m o n i a 240851

551.0755p r e r e n a l - a z o t e m i a 3005530.4154a c u t e - t u b u l a r - n e c r o s i s 3009810.3253a c u t e - r e n a l - f a i l u r e 3009810.3257r e n a l - e m b o l i s m 3007710.1656r e n a l - a z o t e m i a 3005615.9E-230d i a p h r a g m a t i c - p a r a l y s i s 6008715.3E-2Table A4.5. ICU domain contingencies ordered by criticality

56for Tmin = 12 (5 minutes) and Lmin = 1 (continued)The most important conclusion to be drawn from this demonstration isthat the recommendations of our framework were found to be reasonable byour domain experts. They have agreed, in each case (i.e. for each expert modelused) with the ordering of the contingencies proposed by our system, findingthem reasonable and finding reasonable interpretations for them. Since thereis no other (objective) way to evaluate the framework’s recommendations, wemay conclude that the framework and the "normal" behavior model we havedefined are a reasonable solution to our original problem.

1R e f e r e n c e s [Agre & Chapman, 1987] Agre,P.E., Chapman,D., Pengi: An Implementation of aTheory of Activity, inProceedings of AAAI-1987, pp. 268-272.[Ash & Hayes-Roth, 1993] Ash,D., Hayes-Roth,B., A Comparison of Action-BasedHierarchies and Decision Trees for Real-Time Performance,inProceedings of AAAI-1993.[Ash, 1994] Ash,D., Diagnosis Using Action-Based Hierarchies for OptimalReal-time Performance, Ph.D. Dissertation, Computer ScienceDepartment, Stanford Univ., Stanford, CA, 1994.[Brooks, 1982] Brooks,R.A., Symbolic Error Analysis and Robot Programming,in Int. Journal of Robotics Research, Vol. 4, 1982, pp.29-68[Brooks, 1986] Brooks, R.A., A Robust Layered Control System for a MobileRobot, in IEEE Journal of Robotics and Automation, RA-2, pp.14-23, April,1986.[Brooks, 1991] Brooks, R.A., Intelligence Without Representation, in ArtificialIntelligence Vol.47, 1991, pp.139-160.[Chapman, 1987] Chapman,D., Planning for Conjunctive Goals, in A r t i f i c i a l Intelligence Vol.32, 1987, pp.333-337.[Cohen & al., 1989] Cohen,P.R., Greenberg,M., Hart,D.M., Howe,A.E., Trial By Fire:Understanding the Design Requirements for Agents in ComplexEnvironments, in AI Magazine 10:3, 1989, pp.32-48.[Dabija, 1990] Dabija,V.G., Learning by Experimentation in UncertainEnvironments, in Proceedings of the 4-th Australian Joint Conferenceon Artificial Intelligence, AI�90, Perth, Australia, pp.24-37, 1990.[Dabija & al., 1992a] Dabija,V.G., Tsujino,K., Nishida,S., Learning to LearnDecision Trees, in Proceedings of the 10-th National Conference onArtificial Intelligence, AAAI-92, San Jose, 1992, pg.88-95.[Dabija & al., 1992b] Dabija,V.G., Tsujino,K., Nishida,S., "Theory Formation in theDecision Trees Domain", in the Journal of the Japanese Society forArtificial Intelligence, vol.7, no.3, May 1992, pg.518-529.[DeAnda & Gaba, 1991] DeAnda,A., Gaba,D.M., Role of Experience in theResponse to Simulated Critical Incidents, in Anesthesia and Analgesia,No. 72, 1991, pg. 308-315.[Drummond, 1989] Drummond,M.E., Situated Control Rules, in Proceedings ofthe First International Conference on Principles of KnowledgeRepresentation and Reasoning, Toronto, 1989, pp.103-113.[Dufay and Latombe, 1984] Dufay,B., Latombe,J.C., An Approach to AutomaticRobot Programming Based on Inductive Learning, in Int. Journal ofRobotics Research, Vol. 3, No.4, 1984, pp.3-20.[FAA, 1991] Federal Aviation Administration, Aeronautical Decision Making,Advisory Circular AC-60-22, December 13, 1991.

2[Fikes & Nilsson, 1971] Fikes,R.E., Nilsson,N.J., STRIPS : A New Approach to theApplication of Theorem Proving to Problem Solving, in A r t i f i c i a l Intelligence Vol.2, No.3, 1971, pp.189-208.[Fikes & al., 1972] Fikes,R.E., Hart,P.E., Nilsson,N.J., Learning and ExecutingGeneralized Robot Plans, in Artificial Intelligence Vol.3, No.4, 1972,pp.251-288.[Firby, 1987] Firby,R.J., An Investigation into Reactive Planning in ComplexDomains, in Proceedings of AAAI-1987, pp.202-206.[Fish & al., 1991] Fish,K.J., Gaba,D.M., Howard,S.K., Sarnquist,F.H., Catalog ofCritical Incidents in Anesthesiology, 1991.[Gaba & al., 1991] Gaba,D.M., Fish,K.J., Howard,S.K., Principles of AnesthesiaCrisis Resource Management, in A n e s t h e s i a C r i s i s R e s o u r c e M a n a g e m e n t , Training Program Course Material, Stanford Univ., 1991.[Gaba, 1991] Gaba,D.M., Pre Case Planning, in Pre-anesthesia Crisis ResourceManagement, Training Program Course Material, Stanford Univ., 1991.[Georgeff & Lansky, 1987] Georgeff,M.P., Lansky, A.L., Reactive Reasoning andPlanning, in Proceedings of AAAI-1987, pp.677-682.[Georgeff, 1989] Georgeff,M.P., An Embedded Reasoning and Planning System,in Proceedings of the Rochester Planning Workshop: From FormalSystems to Practical Systems, Univ. of Rochester, 1989, pp.105-128.[Ginsberg, 1989] Ginsberg,M.L., Universal Planning: An (Almost) UniversallyBad Idea, in A.I. Magazine, Vol.10, Nr.4, Winter 1989, pp.40-44.[Hayes-Roth, 1985] Hayes-Roth,B., A Blackboard Architecture for Control, inArtificial Intelligence, Vol.26, pp.251-321, 1985.[Hayes-Roth, 1990] Hayes-Roth,B., Architectural Foundations of Real-TimePerformance in Intelligent Agents, in The Journal of Real-TimeSystems, Vol.2, pg.99-125, 1990.[Hayes-Roth & al., 1992] Hayes-Roth,B., Washington,R., Ash,D., Hewett,R.,Collinot,A., Vina,A., Seiver,A., Guardian: a Prototype Intelligent Agentfor Intensive-Care Monitoring, Artificial Intelligence in MedicineVol.4, pg.165-185, 1992.[Hayes-Roth, 1993] Hayes-Roth, B., Opportunistic Control of Action inIntelligent Agents, in IEEE Transactions on Systems, Man, andC y b e r n e t i c s , Special Issue on Planning, Scheduling, and Control: AnAI-based Integrated Systems View, March, 1993.[Hendler & Agrawala, 1990] Hendler,J., Agrawala,A., Mission Critical Planning:AI on the MARUTI Real-Time Operating System, in Proceedings of theDARPA Workshop on Innovative Approaches to Planning, Schedulingand Control, 1990, pp.77-84.[Horvitz, 1989] Horvitz,E.J., Rational Metareasoning and Compilation forOptimizing Decisions under Bounded Resources, in Proceedings ofComputational Intelligence, ACM, Milan, Italy, September 1989.[Hutchinson and Kak, 1990] Hutchinson,S.A., Kak,A.C., SPAR: A Planner thatSatisfies Operational and Geometric Goals in Uncertain Environments, inAI Magazine, Vol.11, No.1, Spring 1990, pp.30-61[Kaelbling, 1987] Kaelbing,L.P., An Architecture for Intelligent ReactiveSystems, in M.Georgeff and A.Lansky, (Eds), Reasoning About Actionsand Plans: Proceedings of the 1986 Workshop, Morgan Kaufmann,1987.[Laird & Rosenbloom, 1990] Laird,J.E., Rosenbloom,P.S., Integrating Execution,Planning, and Learning in Soar for External Environments,inProceedings of AAAI-1990, pp. 1022-1029.

3[Latombe & al., 1991] Latombe,J.C., Lazanas,A., Shekhar,S., Robot MotionPlanning with Uncertainty in Control and Sensing, A r t i f i c i a l Intelligence, Vol. 52 (1991) pp.1-47[Lozano-Perez, 1976] Lozano-Perez,T., The Design of a Mechanical AssemblySystem, Tech.Rep.AI-TR 397, AILab., MIT, Cambridge, MA, 1976[Marsh & Greenwood, 1986] Marsh,J., Greenwood,J., Real-time AI: softwarearchitecture issues, in Proceedings of the IEEE National Aerospace andElectronics Conference, pp.67-77, Washington, D.C., 1986.[Martin & Allen, 1990] Martin,N.J., Allen,J.A., Combining Reactive and StrategicPlanning through Decomposition Abstraction, in Proceedings of theDARPA Workshop on Innovative Approaches to Planning, Schedulingand Control, 1990, pp. 301-312.[McCarthy, 1958] McCarthy, J., Programs with Common Sense, in M.Minsky,(ed.), Semantic Information Processing, The MIT Press, Cambridge, MA,1968, pp.403-418; section1: The Advice Taker, is a reprint of a papertaken from Mechanization of Thought Processes, Vol.1, pp.77-84,Proceedings Symposium, National Physical Laboratory, London,November 24-27, 1958.[McCarthy, 1977] McCarthy, J., Epistemological Problems of ArtificialIntelligence, in Proceedings of the Fifth International Joint Conferenceon Artificial Intelligence - IJCAI-77, pp.1038-1044, 1977.[Minton, 1990] Minton,S., Quantitative Results Concerning the Utility ofE x p l a n a t i o n - B a s e d L e a r n i n g , A r t i f i c i a l I n t e l l i g e n c e , Vol.42:1,pp.363-392, 1990.[Mitchell, 1978] Mitchell,T.M., Version Spaces: An Approach to ConceptLearning, PhD. Dissertation, Comp.Sci.Dept, Stanford U., Stanford, CA,1978.[Mitchell & al., 1983] Mitchell, T.M., Utgoff,P.E., Banerji,R.B., Learning byExperimentation: Acquiring and Refining Problem Solving Heuristics,in R.S.Michalski, J.G.Carbonell, T.M.Mitchell (eds.), Machine Learning:An Artificial Intelligence Approach, Tioga, Palo Alto, CA, 1983, pp.161-190.[Mitchell & al., 1986] Mitchell, T.M., Keller,R.M., Kedar-Cabelli,S.T.,Explanation-Based Generalization: A Unifying View, Machine Learning1:1, pp.47-80, 1986.[Mitchell, 1990] Mitchell,T.M., Becoming Increasingly Reactive, in P r o c e e d i n g s of AAAI-1990, pp.1051-1058.[Musliner et. al., 1994] Musliner,D.J., Durfee,E.H., Shin,K.J., World Modeling forthe Dynamic Construction of Real-Time Control Plans, A r t i f i c i a l I n t e l l i g e n c e , (Special Issue on Computational Theories of Interactionand Agency), 1994, to appear.[Nilsson, 1984] Nilsson, N.J., editor, Shakey the Robot. Technical Note 323,Stanford Research Institute, 1984.[Nilsson, 1988] Nilsson, N.J., Action Networks, in Proceedings of the RochesterPlanning Workshop, pp.21-52, Univ. of Rochester, 1988.[Nilsson, 1992] Nilsson, N.J., Toward Agent Programs with Circuit Semantics,Technical Report No. STAN-CS-92-1412, Computer Science Dept., StanfordUniversity, January, 1992.[Pertin-Troccaz and Puget, 1987] Pertin-Troccaz,J., Puget,P., Dealing withUncertainty in Robot Planning Using Program Proving Techniques, in:

4R.C.Bolles and B.Roth, eds., Robotics Research 4, MIT Press, Cambridge,MA, 1987, pp.455-466[Sacerdoti, 1975] Sacerdoti,E.D., The Non-Linear Nature of Plans, in P r o c e e d i n g s of the Fourth International Joint Conference on Artificial Intelligence -IJCAI-75, pp.206-214, 1975.[Schoppers, 1987] Schoppers,M.J., Universal Plans for Reactive Robots inUnpredictable Environments, in Proceedings of the Tenth InternationalJoint Conference on Artificial Intelligence - IJCAI-87, pp.1039-1046,1987.[Stefik, 1981] Stefik,M.J., Planning with Constraints, in Artificial IntelligenceVol. 16, 1981. pp.111-140.[Taylor, 1976] Taylor,R.H., Synthesis of Manipulator Control Programs fromTask-Level Specifications, Ph.D. Dissertation, Computer ScienceDepartment, Stanford Univ., Stanford, CA, 1976[Utgoff, 1988] Utgoff,P.E., Shift of Bias for Inductive Concept Learning, inR.S.Michalski, J.G.Carbonell, T.M.Mitchell (eds.), Machine Learning: AnArtificial Intelligence Approach, Vol.2, Morgan Kaufmann, Los Altos,CA, 1986, pp.107-148.[Woods & al., 1987] Woods, D.D., Roth, E.M., Pople, H,Jr., "Cognitive EnvironmentSimulation: an AI System for Human Performance Assessment",U.S.Nuclear Regulatory Commission Report, NUREG-CR-4862 (2), 1987.[Yamada, 1992] Yamada,S., Reactive Planning with Uncertainty of a Plan, inProceedings of the Third Annual Conference on AI, Simulation andPlanning in High Autonomy Systems, Perth, Australia, 1992, pp.201-208.1 In order to simplify the analysis for clarity of exposition, we have deliberatelyexcluded the conventional driver’s wisdom case that a ball popping up in the street isusually followed by a running child.2 Again we stress that, in this work we study conscious forms of reaction, prepared atplanning time and consciously taken, as opposed to precognitive types of reaction (e.g.locomotion type reaction).3 Hopefully not at the same time...4 In a specific setting (domain, expert, reactive planner and executing agent), theseparameters can be automatically or interactively learned using paradigms like the onesproposed in [Dabija, 1990; Dabija & al., 1992a,b].5 We have specifically excluded the conventional driver’s wisdom case that a ball poppingup in the street is usually followed by a running child.