
Thinking About Foreign Policy:Finding an Appropriate Role forArti�cially Intelligent ComputersJohn C. MalleryDepartment of Political Science andArti�cial Intelligence LaboratoryMassachusetts Institute of Technology545 Technology Square, NE43-797Cambridge, MA 02139-4301Phone: (617) 253-5966Internet: JCMA@AI.MIT.EDUMay 19, 1994AbstractThe growing complexity of the foreign-policy conundrum has spawned a tremendous increase in theinformation available to support decisions without a commensurate increase in the ability to e�ec-tively process it. O�ce automation o�ers a means of increasing the productivity and e�ectivenessof human decision-makers but does not help with the analysis and interpretation of information.Arti�cial intelligence (AI) systems have been proposed for this support role, and in some cases,such systems are already appearing in the military, intelligence, and foreign-policy sectors. Thisreport considers some of the transformations in international systems that these systems may pro-duce. But, the report focuses on symbolic processing techniques from AI that make new categoriesof political phenomena amenable to formal modeling. The new modeling opportunities requirerethinking some fundamental notions of political science and call for reconceptualization of soci-eties and organizations within an subjectively-interpreted, \conversation-processing" framework.This report argues for constitution of an academic �eld of computational politics to pursue theselines of inquiry. The goals of this �eld are to develop better, more cognitively plausible theoriesand computational models of political cognition, to devise criteria for evaluating these theoriesand simulations, and to analyze the consequences of AI systems that play roles in the internationalsystems. A critical review of the implemented symbolic models in international relations or foreign-policy decision-making shows the existence of a literature about computational politics. The reportprepares for the review by noting limitations and restrictions of the knowledge-based \expert" sys-tems. Following the review, the report explains a series of issues related to evaluating AI modelsand interpreting their behavior. Following from discussion of evaluative criteria, the conclusionscaution that the application of AI technologies to critical areas of national defense is ill-advisedeven if computational politics holds substantial promise for improving knowledge of internationalrelations and supporting foreign-policy decision-making.This paper was presented to the panel on \Analytical Frameworks for the Analysis of Con
ict," atThe 1988 Annual Meeting of the International Studies Association, Adam's Mark Hotel, St. Louis,Missouri, March 28 to April 3, 1988. An earlier version was submitted as a Master's Thesis tothe M.I.T. Department of Political Science, February, 1988. The thesis won the M.I.T. PoliticalScience Department's Daniel Lerner Prize for best Master's thesis, 1987-88.c
 John C. Mallery, 1987. All rights reserved.



CONTENTS iContents1 Introduction 11.1 The Foreign Policy Dilemma : : : : : : : : : : : : : : : : : : : : : : : : : : : 11.2 Evolutionary Organizational Designs : : : : : : : : : : : : : : : : : : : : : : 21.3 A Possible Strategic Future : : : : : : : : : : : : : : : : : : : : : : : : : : : 61.4 The Need for Scienti�c Study : : : : : : : : : : : : : : : : : : : : : : : : : : 81.5 The Report Plan : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 92 What do we mean by AI? 102.1 Domain-Speci�c Knowledge-Based Systems : : : : : : : : : : : : : : : : : : : 122.1.1 Operational Assumptions : : : : : : : : : : : : : : : : : : : : : : : : : 122.1.2 Codifying Domain Knowledge : : : : : : : : : : : : : : : : : : : : : : 132.1.3 Correctness and Validation : : : : : : : : : : : : : : : : : : : : : : : : 142.2 Toward Domain Independence : : : : : : : : : : : : : : : : : : : : : : : : : : 153 Computational Politics 173.1 Reasons For Turning to Symbolic Modeling : : : : : : : : : : : : : : : : : : : 193.1.1 Restrictions on Stochastic Methods : : : : : : : : : : : : : : : : : : : 193.1.2 Supplementing Di�erential Equation Models : : : : : : : : : : : : : : 193.1.3 Intentionality : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 193.1.4 Economic Rationality : : : : : : : : : : : : : : : : : : : : : : : : : : : 203.1.5 Rigor, Counterfactual Simulation, Inspectibility : : : : : : : : : : : : 213.1.6 A Mental Prosthestic : : : : : : : : : : : : : : : : : : : : : : : : : : : 223.1.7 Evolutionary Epistemology : : : : : : : : : : : : : : : : : : : : : : : : 223.2 Modeling Political Cognition : : : : : : : : : : : : : : : : : : : : : : : : : : : 233.3 Limitations of the Monological Model : : : : : : : : : : : : : : : : : : : : : : 253.4 Social Systems as Patterns of Conversations : : : : : : : : : : : : : : : : : : 264 Models Using Arti�cial Languages 284.1 Information Processing Models : : : : : : : : : : : : : : : : : : : : : : : : : 284.2 Cognitive Mapping : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 294.3 Knowledge-Based Systems : : : : : : : : : : : : : : : : : : : : : : : : : : : : 304.3.1 Foreign Policy Decision-Making : : : : : : : : : : : : : : : : : : : : : 304.3.2 General Foreign Policy Decision-Making : : : : : : : : : : : : : : : : 354.3.3 Legal Decision-Making : : : : : : : : : : : : : : : : : : : : : : : : : : 354.3.4 Decision-Making in Political-Economic Development : : : : : : : : : : 364.3.5 Functional and Teleological Simulations : : : : : : : : : : : : : : : : : 374.4 Precedent Logics for Decision-Making : : : : : : : : : : : : : : : : : : : : : : 385 Models Using Natural Language 475.1 Content Analysis : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 475.1.1 Standard Computerized Content Analysis : : : : : : : : : : : : : : : 475.1.2 Semantic Content Analysis : : : : : : : : : : : : : : : : : : : : : : : : 475.1.3 Non-Computational Content Analysis : : : : : : : : : : : : : : : : : : 485.2 Semantic Universalist Approaches : : : : : : : : : : : : : : : : : : : : : : : : 495.3 Lexicalist Approaches : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 525.3.1 Lexical-Interpretive Semantics : : : : : : : : : : : : : : : : : : : : : : 52



CONTENTS6 Evaluating Computational Models 546.1 Representational Felicity : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 556.1.1 The Coding Problem : : : : : : : : : : : : : : : : : : : : : : : : : : : 556.1.2 The Meaning Problem : : : : : : : : : : : : : : : : : : : : : : : : : : 566.1.3 The Opacity Problem : : : : : : : : : : : : : : : : : : : : : : : : : : : 576.1.4 The Planning Problem : : : : : : : : : : : : : : : : : : : : : : : : : : 596.1.5 Inferential Poverty : : : : : : : : : : : : : : : : : : : : : : : : : : : : 626.1.6 Data Poverty : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 636.1.7 Strategic Simpli�cation : : : : : : : : : : : : : : : : : : : : : : : : : : 646.1.8 Equi�nality Problem : : : : : : : : : : : : : : : : : : : : : : : : : : : 646.1.9 Depth Versus Breadth of Coverage : : : : : : : : : : : : : : : : : : : 656.1.10 Mechanism Artifacts : : : : : : : : : : : : : : : : : : : : : : : : : : : 666.2 Assessing Decision Models : : : : : : : : : : : : : : : : : : : : : : : : : : : : 666.2.1 Assumptions : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 666.2.2 Levels of Analysis : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 676.2.3 Third Order Analysis : : : : : : : : : : : : : : : : : : : : : : : : : : : 686.3 Learning from Models : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 696.3.1 Success Analysis : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 696.3.2 Failure Analysis : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 696.4 Reporting Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 706.5 Reliability and Validity : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 716.5.1 Computational Limitations : : : : : : : : : : : : : : : : : : : : : : : : 716.5.2 Empirical Induction : : : : : : : : : : : : : : : : : : : : : : : : : : : : 726.5.3 Logical Coherence : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 736.5.4 Lessons from Content Analysis : : : : : : : : : : : : : : : : : : : : : 737 Conclusions 757.1 Responsible Uses : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 757.2 The Inadequacy of Formal Planning : : : : : : : : : : : : : : : : : : : : : : : 757.3 Precedent Logics as a Computable Alternative : : : : : : : : : : : : : : : : : 767.4 E�ective History, Natural Language, and Historical Method : : : : : : : : : 767.5 Importing Computational Insights into Political Theory : : : : : : : : : : : : 777.6 Importing Social Science into AI : : : : : : : : : : : : : : : : : : : : : : : : : 788 Acknowledgments 789 References 81



11 Introduction1.1 The Foreign Policy DilemmaForeign policy aims to steer a safe course through the troubled waters of international re-lations. The ostensible goals of American foreign policy are to promote the security andwell-being of the United States, and by extension its friends and allies. An important pre-condition and generalization for achieving these goals is promoting a stable internationalenvironment conducive to economic progress. The domestic side of foreign policy involvesmobilizing the bureaucracy to carry out speci�c policies, cultivating domestic constituenciesto lobby for the policies, and convincing the Congress to support the policies. The substanceof foreign policy ranges from the exceptional to the mundane, from nuclear crises to theprice of co�ee. Although the consequences of error may be immediate and severe in crisissituations, the aggregation of small errors in day-to-day policy decisions may lead ultimately,as it does in chess, to serious crises. In both cases, forseeing the distant consequences ofdecisions can help avoid the deleterious ones. The ability to foresee the future consequencesof policy is precisely the kind of planning which many have advocated but which seemsbureaucratically untenable (Bloom�eld, 1982: 165-192).The main trend in the postwar international system is proliferating complexityin all dimensions of analysis and a parallel information explosion. The major motive factorsare faster communication, larger-scale economic activity, and technological progress. Ineconomic policy, economic interdependence among non-communist countries, particularlyOECD countries, has grown dramatically. The domestic economy has grown and rami�edwith an ever more extensive functional division of labor, yielding more numerous sectoral orgeographic interests. Formulating a foreign economic policy requires an understanding of aninterdependent world economy, the consequences for the American economy, the e�ects onAmerica's friends, the aggregate impact on the world system, not to mention the acceptabilityto the domestic coalitions on whose support it depends. North-South issues have also grownin magnitude with the rising consciousness and demands in the non-OECD world. Militarycompetition with the Soviet Union is achieving new heights of technical sophistication anddestructive precision. Superpower competition also manifests itself in regional jockying forin
uence and in sporadic military confrontations through surrogates in the third world. Thefundamental characteristic of the post-war international system is change; this perpetualchange ensures that theories or experiential notions of the workings of the internationalsystem lag behind the phenomena. This thumbnail sketch hardly does justice to complexities,subtleties, and vagaries of the foreign policy conundrum in the modern era, but it should atleast convey an inkling of the intellectual challenges facing the foreign policy practitioner.For the foreign policy practitioner, the proliferating complexity of the externalworld is directly re
ected in ever larger quantities of information available in the internalbureaucratic environment. Over the postwar period, the internal bureaucratic environmenthas grown more diverse, di�erentiated, and complex. Similarly, in the post-Vietnam era,the task of mobilizing public support for policies has grown more problematic with theatrophy of the earlier \foreign policy consensus." Ideally, decisions should take into accountall available information. But practically, there is too much to consider. Thus the policymaker must walk a �ne line between failing to consider relevant information and becominghopelessly overloaded by too much information. The decisional time frame is typically shortbut sometimes extends to a week or ninety days, perhaps even a year on rare occasions. Thus,



2 1 INTRODUCTIONthe foreign policy dilemma is that formulation of sound policies requires consideration ofmore information than is possible within the time available for reaching decisions. Moreover,the scale, inertia, and complexity of many components of the international system, withwhich the foreign policy practitioner must contend, are such that e�ective policies in certainareas may only be achieved through policies planned out in advance (Bloom�eld, 1982: 184-187). Of course, this assumes that the international system is relatively well-understood { adubious assumption at best.Since there is little hope of simplifying the reality which foreign policy ad-dresses, the alternative is to enhance the e�ectiveness of the organizations that carry outand manage foreign policy. The basic task is to improve the ability of these organizations tosolve foreign policy problems, whether they appear as short-term crises or long-term conse-quences of their actions. There are several ways to improve organizational e�ectiveness:1. Develop better theories about the phenomena through competitive explanation;2. Collect more theory-relevant information about the phenomena;3. Build accurate, predictive models of the phenomena based on theories and relevantinformation;4. Improve the educational and bureaucratic infrastructure to support 1, 2 and 3;5. Improve organizational information processing with o�ce automation;6. Improve organizational decision-making with better models of the phenomena that canhelp predict the consequences of policies.The emphasis in this report is on building new types of models using the techniques ofsymbolic processing from arti�cial intelligence (AI). Although the next section sketches inthe abstract how networked o�ce workstations can help the management and timely deliveryof focused information to decisionmakers, the main thrust of the report is to examine theprospects for and the bases of AI systems that could support the foreign policy decision-maker in his problem-solving.1.2 Evolutionary Organizational DesignsThe published record of AI systems in the area of international relations and foreign-policydecision-making has shown some promise, particularly in the development of research systems(see sections 4 and 5). However, there are no systems that are ready to go online in practicaldecision-making contexts. There are, however, alternatives that can produce immediategains in the productivity and e�ectiveness of foreign-policy organizations. Collectively thesealternatives fall under the rubric of o�ce automation. The role of the computer is not toreplace the foreign policy professional but to support his o�ce work within the organization.In this combination of human and computer, each performs tasks at which they are better:The human does the thinking while the computer provides support in managing \virtual"paper, including such activities as indexing information, �ling it, retrieving it, generating



1.2 Evolutionary Organizational Designs 3reports from it, communicating it to other people in the organization, and providing apersonal interface to varied informational resources of the organization.The essential idea of o�ce automation, then, is to increase the amount of timepeople spend thinking by minimizing the transaction costs involves searching for informationand the time lost shu�ing paper to produce reports. Assuming a �xed time for executingan policy-related task, reducing the cost of accessing information and reformulating it fordelivery increases the time available to contemplate the issues. The reformulation and de-livery of information is straight-forward with sophisticated wordprocessors, although somedesigns are signi�cantly more cumbersome than others. Thus, the main technical issue isprecise, narrow indexation of information so that only relevant information is retrieved. Itshould further be possible to retrieve information in variable degrees of detail. The point isto deliver to the right amount of information according to the needs of the human, ratherthan to overload the human with more information than he had when dealing only withpaper. A modern o�ce automation design should include the following major com-ponents:1. Each o�ce worker uses a personal computer workstation.2. A local network allows communication between all of the workstations,1 and therefore,allows each work station to provide a personal interface to any information resources,2whether human or machine, accessible via the network.3. An electronic mail system allows any member of the organization to communicate vir-tually instantaneously with anyone else in the organization, independent of geographiclocation and diurnal cycle.4. Instead of a simple word-processor each workstation supports a non-linear text editor,3roughly a special kind of text editor that provides the user with the capability to index,retrieve, annotate, and rearrange arbitrary segments of text (or images) from multiplesources.5. Building from private indices developed by each o�ce worker, functional divisionsand di�erent levels of aggregation in the organization construct their own higher levelindices that subsume those within their jurisdiction.6. Synonym terms allow users to use their own preferred terms but ensure correct indexingin aggregate indices.1For many cases, network communication with other organizations is also very useful.2Bringing together information from many sources is often called information fusion.3Various non-linear text editing systems have been developed. The recent introduction of Apple's \Hy-percard" (Goodman, 1987) is presently bringing non-linear text editing to the personal computer market.Xerox's \Notecards" (Marshall, 1986) is one of the better and more recent systems. Other systems include(Knuth, 1983; Handle & Whitaker, 1983; Trigg & Weiser, 1984; Pitman, 1985; Symbolics, 1986). The ideasfor non-linear text editing derive from the INFO program, which runs under ITS, TOPS-20, as well as GNU-EMACS under UNIX, was in combination with EMACS (Stallman, 1981) the earliest non-linear text editingsystems (circa 1975).



4 1 INTRODUCTION7. Given this o�ce environment, additional productivity enhancing programs, AI systems,or other special-purpose computers may be made available to o�ce workers, eitherdirectly on their personal work stations or indirectly via the (non-)local network.Under a conversation-processing interpretation (Winograd & Flores, 1986; seesection 3.4), an organization consists of a pattern of conversations that (re-)produce theorganization over time, and also, lead to, or constitute, the execution of functions it performs.The pattern of information 
ow can be described as a graph, with each node being an o�ceworker. The content of the information 
ow is usually written documents but may also beverbal communications. The nodes may be aggregated where more o�ce workers are requiredto accomplish larger tasks. There are two kinds of information: control information (suchas directives to take actions, requests for information, and commitments to take actions)and factual or content information.4 The o�ce worker can be seen as storing informationfor future use as well as adding new informational value by applying specialized knowledgeto interpret the existing information. These interpretations may be stored or sent out toother parts of the organizations depending on the control information that applies at thenode. Within this abstract characterization of the organization, the relationships betweenelements are conversations. One example of a conversation is a request for information anda reply ful�lling the request.The electronic o�ce provides each node in the organization with tools forkeeping track of the information stored or interpreted at the node. Keeping track of theinformation involves �ling, indexing, and the memory of the o�ce worker. To the extent thatthe non-linear text editing system facilitates �ling, indexing, retrieval and reproduction ofinformation passing through the node, the capability of the node to respond to informationalrequest with accuracy and speed will increase.5 When informational requests are made of anode, the o�ce worker need only select a series of indices from their local index to generatea rough draft containing the desired information. Some polishing and re�nement of thepresentation then yields a �nished response to the request. Electronic mail provides a quickand error-free means of sending the response to the node originating the request.If the organization represents a division of intellectual labor over a knowledgedomain, then an important part of organizational function is to interpret, index, and recordthe knowledge of the aggregate domain by breaking it down into smaller chunks that sub-units can process and perhaps store locally. If each subunit builds the local index for itprocesses and stores as preparations for responses to the requests of other units, then thelocal indices could be aggregated ultimately into a large index for all the knowledge presentin the organization. The problem of combining the subindices is the mapping of local in-dex terms into global synonyms.6 The availability of the global index means that non-localknowledge can be easily retrieved without knowledge of where it resides. This counteractsthe tendency toward fragmentation of knowledge according to the organizational division oflabor that processes and stores it locally.74Control information may become factual information when quoted (i.e., not intended to function ascontrol information), as in planning documents formulating how some action is to be carried out or proposingroutine activities for the organization.5This means that a user friendly system will be more e�ective because will people use it.6Assuming the absence of incomensurabilities in the interpretive frameworks responsible for the localindices, the mapping into a global index is non-problematic. Unfortunately, this is rarely the case; there willalways be di�erences. Handling these di�erences is the primary research issue.7For the secret organization, the global index poses of problems of valid compartmentalization. The



1.2 Evolutionary Organizational Designs 5An important consequence of the electronic o�ce is freeing the organizationalstructure from geographic location, to the extent that face-to-face communication is notnecessary. Thus, the connective structure of the organization can adapt quickly to the patternof information (conversations) processed by the organization. This means that individualswith specialized knowledge spread around the foreign policy apparatus can combine in adhoc groups tailored to the speci�c exigencies of a foreign policy task.8 But, for the electronico�ce to succeed it must be carefully designed to conform to the needs of the humans whomust live with it everyday. If it is not easy to use, helpful, 
exible, and friendly, people willnot utilize it to make their work easier and their productivity higher.This discussion of the electronic o�ce is brief and abstract because others areworking to deliver it. The computer technologies for realizing the electronic o�ce either existor are presently being re�ned.9 The focus of of this report is on the arti�cial intelligencesystems that might be connected to local networks in the foreign policy apparatus or actuallyrun on personal workstations in support roles.10 As the organization brings its knowledgeonline, AI systems can be deployed to help processing those areas of the collective knowledgewhich are well enough understood. Although knowledge-based systems (see section 2.1) arethe main technology for AI applications, the scenario of the electronic o�ce underscores theneed for computers to understand natural language: Much information in an organization isin textual form.In the electronic o�ce, the human remains in the loop: This raises the possi-bility that the system may fail due to human error (Bloom�eld, 1987). Thus, an importantobjective for the electronic o�ce, and AI systems that support people, is to reduce the lik-ihood of human failures. Although ease of information access in the electronic o�ce canexpose decision makers to more and varied information, it may do little to reduce the �xa-tion on favored approaches that often clouds thinking during crises. Thus, a useful functionfor AI support systems is to help detect 
aws in human analyses and to call attention toalternatives which otherwise might not receive due consideration. Good designs, then, willuse the computers to check the thinking of the humans and the humans to check the in-ferences of the computers, and in this way, increase the e�ectiveness and reliability of theorganization at large.Improving e�ectiveness and response times in foreign-policy organizations can-not be considered in isolation. Competing foreign-policy organizations may make similarimprovements in their own organizations and increases in e�ectiveness may lead to feedbackconsequences that lower stability in the international system. Like arms races, productivityraces in foreign-policy may not ultimately improve the e�ectiveness national foreign policyand enhance national security if similar measures taken by adversaries yield a less stableand predictable international system. The next section examines one facet of this class ofproblems.11research issue is to determine when non-local knowledge is indeed necessary elsewhere.8Discounting textbooks theories of the foreign policy process, some observers believe that the formationof ad hoc decision groups is the way the process actually functions.9A general maxim for computer systems is: Many try to implement systems but few do it right. Theusual pitfalls arise from shortsighted designs that fail to contemplate future needs or fail to build in theextensibility necessary to meet them.10An important consideration in the selection of workstations is the ability to run useful AI applications.11There are many ways in which increasing e�ectiveness of national foreign-policy bureaucracies can reducesystemic stability and national security. Apart from being beyond the scope of this work, they are too



6 1 INTRODUCTION1.3 A Possible Strategic FutureArti�cial intelligence (AI) systems are already surfacing in international relations and foreign-policy applications. For example, Dr. Paul Davis and his colleagues at the RAND Corpo-ration recently delivered to the United States Defense Department an \expert system"12 forstudying, analyzing and simulating strategic decision-making (Bracken, 1983) as it mightarise in nuclear confrontations between the United States and the Soviet Union (Davis,Bankes, Kahan, 1986).)13 This system went from the drawing board to the �nal users inabout four years. The rapidity of this move from the laboratory into the �eld adumbratesthe increasing pace of technological innovation in the foreign policy sector (and perhapstechnological competition between the superpowers). The developers of the RAND systemmaintain that it represents a qualitative improvement in the ability of strategists to studynuclear warfare scenarios. However, they warn that the RAND system should be used foronly study and not in an operational role.In the \Star Wars" era, decisionmakers have just seconds or minutes to selectan action and weigh its consequences. Because of the present vulnerability of the strategiccommand and control infrastructure, the choice may be either to launch a full-scale retaliationor to have AI systems assess an incoming nuclear attack, select an appropriate response, andlaunch a carefully measured retaliation { all within seconds. According to this argument,a 
exible response can only be retained though reliance on AI systems (Cimbala, 1987b).The main �rst-order question is: Will the AI system work as intended? This depends onthe reliability of the system and the validity of the inferential model incorporated. Themain second-order question is: What does the existence of these automated decisionmakersmean for the international system? As the time required to take actions and react decreases,the rate at which actions and reactions can occur increases. This increases the gain inthe system, which in turn, increases the probability of non-linear ampli�cations of smallinitial perturbations in strategic systems. Thus, even if the AI system works correctly, thepresence of these systems can increase gain, and therefore, lower the stability of internationalsecurity systems (Ashby, 1956; Richardson, 1960; Deutsch, 1963; Pruitt & Kimmel, 1977).These instabilities can only by attenuated by introducing new control mechanisms to preventampli�cation beyond homeostatic or adaptive boundaries (Deutsch, 1963).For a glimpse into a possible strategic future, one might look at the currentbehavior of international foreign exchange markets and the stock markets. These marketsare exhibiting unprecedented volatility due to the second order e�ects of new AI systemsthat trade according to strategies intended to optimize individual bene�ts without regardfor collective consequences (Olson, 1965; Keohane & Nye, 1977; Keohane, 1984). The highgain in the foreign exchange markets is due to to short decision times and instantaneousactions. The e�orts of governments to control these markets with monetary policy is severelyconstrained by the high gain in the system. If interest rate di�erentials between majorOECD countries exceed relatively small thresholds, massive capital in
ows and out
owsnumerous to detail here. See Emery & Trist (1974) for discussion of a \vortical environment," an environmentin which non-linear e�ects are so strong that planning and goal-seeking becomes impossible, for a theoreticalmodel.12\Expert systems," more technically knowledge-based systems, are discussed in section 2.1.13Davis (1987) provides a short, cogent overview of the e�ort. The RAND system provides many interestingand useful features such as the ability to simulate decision-making under di�erent assumption sets and toderive explanations automatically about how particular decisions were reached.



1.3 A Possible Strategic Future 7ensue. Floating foreign exchange rates serve to attenuate these 
ows by driving the low-interest currency down and the high-interest currency up. Thus, the price mechanism servesto attenuate non-linearities. The present volatility in the stock market apparently resultsfrom trading programs responding not just to the direction of movement in price and variousfundamental indicators but also to the rate of the movement. Increasing rates are ampli�edas each trading program tries to take instant advantage of an accelerating trend, and thereby,ampli�es the trend. Since the programs have only a formal theory of the domain, they lackthe human common sense to see that trend is exaggerated and that values have been drivenbeyond reasonable levels (Sergeev, 1987a).These exaggerated swings illustrate Winograd and Flores' (1986) notions of\blindness and \breakdown," in which the input to an expert system exceeds the range overwhich the system's knowledge applies but the system is unable to perceive this. Unlikehuman experts, contemporary \expert systems" have neither the ability to recognize whena task exceeds the range of their knowledge nor the capability to learn new ways of copingwith unforeseen situations; they simply fail in ungraceful ways. Human custodians mustdetermine the reasons for the failure and update or reformulate their programs' knowledge.Herein lies the hint of the next wave of stock market volatility due to computer trading. New,smarter programs will exploit second-order knowledge to throw o� competing programs.14Here's how this can work. Knowing that �rst-order programs merely bet on acceleratingtrends, second-order programs can �rst bet on a non-existent trend to create a real trendas �rst-order programs are lured in. This simple counterplanning can lead to volatile priceswings in the stock market that allow the smarter programs reap large pro�ts. Like theforeign exchange case, the price mechanism again limits volatility, but still the range swingsmay be wide enough to be dysfunctional. In contrast, international security systems do nothave a clear analog to price to limit volatility. Instead, high gain makes possible escalatoryspirals of threat, insecurity, and tension that lead into war (Richardson, 1960; Holsti, 1970).15Two assumptions can independently account for strong pressure to introduceAI systems into foreign policy decision-making.� The competition between the superpowers manifests itself as technological competitionin the politico-military sector.� Improvements in organizational learning lead bureaucracies (with adequate budgets) toimprove their e�ectiveness through timely adoption of modern computational technologies.1614Emery and Trist (1974) argue that large, e�ective bureaucracies that counterplan against each otherare the major source of instability in the world system. For them the problem is too much counterplan-ning and not enough cooperation on the basis of common values. In the absence of attenuating norms ofsocially acceptable behavior, improving organizational e�ectiveness (intelligence) with AI systems that helpmanage information, make decision faster, and act sooner, increases gain, and therefore instability, in theseoligopolistic systems.15Neo-classical economics assumes perfect information for many theoretical constructs. Perfect informationis intended to produce perfectly rational decision-makers. However, the cybernetic perspective shows how adimension of perfect information, namely short decision-times, destabilizes systems by increasing gain.16The Central Intelligence Agency and its brethren in the intelligence community hold annually a secretconference on AI applications to intelligence. Andriole (1987) reviews some strategic intelligence applicationsAI and presents a sober perspective on the ability of AI systems in general and \expert systems" in speci�c toaddress intelligence problems. Although Andriole poses various unsolved problems in political and decision



8 1 INTRODUCTIONThese two perspectives correspond to demand-pull and supply-push) explanations. If eitheror both hold, AI systems will be deployed in the foreign-policy and military sectors as itspossibility arises. At present, the main governmental funders and consumers of AI technologyare the Defense Department and the intelligence agencies. Policy oriented agencies such asthe State Department generally lag behind in these sophisticated and expensive technologiesbut they are moving with the \microcomputer revolution" as they install extensive wordprocessing and document preparation facilities.The basic facts of AI and international relations are that new technologiesare being incorporated into complex bureaucratic structures as they are deemed capable ofperforming useful functions. The RAND expert system is an example of a simulation toolthat has been deployed swiftly before scienti�c scrutiny determines its validity and reliability.SDI is an example of a strong demand pull for applying AI technologies in critical roles. Theexample of stock trading programs and foreign exchange markets illustrate the potentialdisruptive e�ects that that AI systems can introduce into social systems. As AI componentsexpand the e�ectiveness of large bureaucracies, new sources of instability can be introducedinto the international system.1.4 The Need for Scienti�c StudyTwo key questions questions need to be answered for each application of an AI system inthe foreign policy sector:� Does the system actually perform the job according to the claims of its proponents?� What are the consequences for the organization and the international systems withinwhich it is embedded?Systematic scholarly study is clearly required to answer these questions. International rela-tions scholars and computer scientists need to study the crucial consequences these systemscould have for the stability of the international system and for accidental nuclear wars. In-deed organizations analogous to the Food and Drug Administration or the EnvironmentalProtection Agency (EPA) would seem important institutional correlates of sound applica-tion of AI techniques in public policy domains. Perhaps the idea of an \ecological impact"analysis should precede the introduction of systems into critical areas. It is undoubtedlybetter to assess the consequences before a gross failure than afterwards.Who will be the critics and supporters of AI systems as they are introducedinto foreign policy decision-making and international simulations? Who will be the \experts"that study the merits and demerits of these systems? How will we know if these systemstheoretic analysis for AI to address, he omits applications that on the horizon. Notably absent are: 1) Satelliterecognition of military installations and weapons systems based on model-based vision (Brooks, 1981); 2)Cryptographic applications of symbolic algebra or learning techniques; 3) Massively parallel computers forkeyword search (Stan�ll & Kahle, 1986) through many gigabyte databases of intelligence documents; 4) Non-linear text editing, e.g. Xerox's \Notecards" System (Marshall, 1986), for indexing documentary databasesand preparing analyses drawing on them.



1.5 The Report Plan 9are performing according to acceptable standards of reliability? What second order e�ectswill there be for relevant international systems? The task of answering these questionsfalls to international relations scholars and AI researchers. While the AI researchers aremore concerned with developing new techniques than critiquing existing ones, those fewinternational relations and foreign-policy scholars that employ formal models have focusedon methodologies borrowed from primarily from economics, such as multivariate regression,factor analysis, and game theory. The general lack of attention to computational modeling inthe political science profession severely circumscribes the literature assessing the implicationsof new computational technologies for foreign policy decision-making, abdicating the taskmostly to other disciplines, such as computer science. But, as AI technologies are introducedinto the practice of foreign-policy decision-making, their consequences will surely spill into the�eld of international relations as they e�ect the structures and processes of the internationalsystem. To meet this challenge the �eld of AI modeling in international relations, or moregenerally computational politics (see section 3), needs to be constituted and populated.The �rst step, then, in developing a new interdisciplinary �eld to identify it.Thus, one task of this report is to frame the dimensions of this �eld. One key component isto review the published literature describing AI models of international relations and foreignpolicy decision-making. This literature constitutes the scholarly core of the �eld. Theliterature employs expert systems extensively but is generally insensitive to the assumptionsunderlying expert system technology. Thus, it is important to review these assumptions.This insensitivity and general emphasis on expert systems also suggests a need to reviewsome of the other directions in AI. Another facet of framing the �eld is to link the AImodeling approach to more traditional quantitative modeling in political science, and toexplain the reasons that motivate political scientists to choose to AI methods. A �nal aspectof organizing this �eld is to establish a framework for evaluating AI system in terms of notjust their computational properties but also the relationship between these systems and thereality which they purport to model.1.5 The Report PlanThe major formalism exported to political science from AI is the knowledge-based system.The literature relying on knowledge-based systems in political science seems, for the mostpart, unaware of the assumptions that underlie the technology. Thus, the section reviewsthe basic concepts of knowledge-based systems, and then, builds from the weaknesses notedin more recent directions in AI that hope to overcome these weaknesses. This understandingof AI provides a starting point for introducing computational politics as a new, emergentsub�eld of polimetrics, or formal modeling techniques for political science (Alker, 1975), . Inthis third section, these reasons why political science should adopt symbolic modeling tech-niques revolve around intentionality and cognitively plausible models. Out of this emerge thelarger modeling issues of political cognition, the inadequacies of a monological AI technol-ogy, and the reconceptualization of social systems as conversation-processing entities. Thispreparation then provides a vantage point for the next two sections which review, and oftencomment, on the literature in international relations and foreign-policy decision-making thattreats implemented AI models. The �rst of these sections looks at models using arti�cialformalisms while the second examines natural-language based approaches. This literaturereview is current through 1986. Following the review, the next section develops criteria forevaluation and interpretation of AI models. Although these criteria are somewhat premature



10 2 WHAT DO WE MEAN BY AI?for the level of advancement in the literature, they are timely for those who might apply AIsystems in critical areas of national defense. The sections includes discussion of problems offelicitous representation of political phenomena as well as theoretical and practical consid-erations in model development. It culminates in suggestions for assessing the validity andreliability of computational models. The conclusion stresses four themes that run throughthe report: 1) computational politics is not ready for the real world; 2 & 3) AI and socialscience have much to o�er each other; 4) Natural language modeling grounded in lexicalinterpretation and precedent logics are the most promising approaches for computationalpolitics.2 What do we mean by AI?Arti�cial Intelligence17 is an interdisciplinary branch of computer science that seeks to makecomputers behave in ways which would be called intelligent if attributed to a human. Amore recent technical de�nition considers arti�cial intelligence to address the problem ofconnecting perception with action in the robot.18 Newell (1987) considers intelligence theability to e�ectively employ knowledge to solve problems that achieve goals.19 The orientingresearch goal of developing intelligent robots leads the �eld to address issues in vision, motionplanning, manipulator and locomotion design, signal processing for speech understanding,natural language understanding, knowledge representation, problem solving, control method,search, inference mechanisms, learning, cognitive modeling, and psychological studies of in-telligence. It also treats areas such as special-purpose computer hardware, VLSI design,software programming, automatic programming, and philosophical foundations in so far asthey support any of the central goals.20 The complexity and di�culty of the central goalsdrives progress in computer hardware and software to support AI research. Two examplesare The Lisp Machine and the Connection Machine (Hillis, 1986), both special-purpose com-puters designed with AI applications in mind. The need for AI to invent new computationaland theoretical tools to meet the demands of its research goals re
ects the \revolutionaryscience" that presently permeates the �eld. As yesterday's AI tools and techniques becomebetter understood, they gradually pass into the \normal science" of computer science andreceive application in other �elds.Although major advances have been made, the AI problem is not solved, thecommercial fanfare notwithstanding. There are two general characterizations of the AIproject. The hard AI proponents seek to create intelligent computers capable of passingthe \Turing test," convincing an unwitting person that they are interacting with a human(Turing, 1950). According to the hard AI view, every component of human intelligence canbe so precisely described and hardware made so e�ective that a computer can fully simulatehuman intelligence { whatever one takes that to be. On this view, AI is the simulation branchof cognitive science, a multidisciplinary �eld, that seeks a functional account of the human17Rich (1987) provides a short overview of the �eld. Waltz (1985) provides a comprehensive taxonomy.Shapiro (1987) provides a comprehensive technical overview. Boden (1977) and McCorduck (1979) providedetailed histories. Gardner (1985) situates AI within the allied disciplines that make up cognitive science.18Patrick Winston, personal communication, February, 1987.19There is no generally accepted de�nition of intelligence in arti�cial intelligence. De�nitions are contro-versial and many major �gures refuse to venture operational de�nitions.20The taxonomy of AI in (Waltz, 1985) clearly indicates the diversity and depth of AI.



11mind.21 While linguists, anthropologists, philosophers, psychologists, and brain scientistseach study human cognition from their varying perspectives, AI researchers attempt to gaininsights into natural and arti�cial intelligence by devising computational implementations.Most AI researchers are more practical in their views and seek useful engineer-ing results rather than cognitive plausibility.22 These soft AI proponents simply aim to makecomputers more useful by adding ever more powerful capabilities, which may or may notresemble aspects of human intelligence, but whose implementation may be quite di�erent.Soft AI is an engineering project prepared to use whatever tricks necessary to build smarter,more useful computers that solve practical problems.Although widely accepted as classi�catory criteria for the various strains of AIresearch, the conventional distinction between soft and hard AI is actually a false dichotomy.The primary source of weakness is the absence of an evolutionary orientation. Clearly, com-puters cannot be made to think like people over night; neither will they think without carefulengineering. Furthermore, no account of individual psychology will be found the absence ofan understanding of the relationship between the cognitive processes of the individual andtheir embedding in society.23 This suggests an intermediate position for an evolutionary AIthat seeks to simulate some features of psychological processing, social cognition, and socialaction. Evolutionary AI must develop greater insights into human psychology by attackingthe problem from all angles. A major thrust must be computational implementations thatconnect existing technology with theories of social cognition. A cycle of theory formation,implementation, testing, and reformulation provides the basis for a scienti�cally cumulativeresearch program. Proof of concept are done by theoretical argument and empirical demon-stration in collective implementations. As the branches of inquiry on which it draws advance,evolutionary AI may move closer to the hard AI project.Whatever the speci�c approach, there is one universal truth: the quest forengineered answers to deep psychological questions expands to absorb the most powerfulcomputational tools available { and demands more. At any particular historical time, theimplementationally addressable research problems are circumscribed by limitations in hard-ware speed and software complexity. Thus, tool building projects invariably precede waves ofprogress as they open up new software and hardware architectures for serious consideration.While AI pushes the frontiers of computer science, the fruits of computer science feedback inthe form of better design tools, operating systems, and hardware architectures that, in turn,enable further advances. The \product life cycle" for AI techniques proceeds from a prac-tically mystical aura when they �rst appear in AI laboratories to a concrete computationaltool as computer science and wider use demysti�es their \intelligence."21See Gardner (1985) for a historical overview of cognitive science.22After all, the cognitive plausibility of any program running on a computer orders of magnitude lesspowerful than the humanbrain is dubious at best, even though it may illustrate how some facets of intelligencecould work.23The relevance of the social embedding permeates this report. See sections 3.3 and 5.3.1 for speci�cdiscussions.



12 2 WHAT DO WE MEAN BY AI?2.1 Domain-Speci�c Knowledge-Based SystemsWhile hard AI has few credits to its account, soft AI it has developed many practical tech-nologies and disseminated them widely. The best known class of AI system is the so-called\expert" system.24 Expert systems, or more technically knowledge-based systems, are com-puter software systems capable of representing knowledge in a form that can be used tomake practical inferences in a tightly constrained domain.25 The domain must be tightlyconstrained because the inference processes they incorporate are too simple and rigid tohandle the variety and novelty of larger, less constrained domains. The knowledge possessedby these systems is generally not algorithmic.26 It is usually a large collection of heuristicsor rules of thumb that work for the domain but are not provably correct. It is importantto realize that these systems mimic the external behavior of experts but do not capture theactual internal problem-solving of humans.Depending on the formalism, knowledge is encoded as pattern-action rules forproduction systems, axioms for automatic theorem provers, propositions and predicates forlogic programming languages (e.g., PROLOG), or simply conditional branches for proceduralprogramming languages (e.g., LISP, FORTRAN). These approaches (and there are poten-tially more) are often formally equivalent, and in principle, can accomplish the same tasks.However, each di�ers in ways that make some tasks easier (more natural for the formalism)than others. For example, control knowledge is most easily expressed in procedural lan-guages. However, the two most widespread techniques for creating knowledge-based systemsare production systems and logic programming.2.1.1 Operational AssumptionsThe success of knowledge-based systems rests in their ability to exploit a large amount ofinformation (300 to 15,000 rules) about a domain to accomplish practical tasks. They workbest in domains characterized by well-de�ned boundaries, comprehensive domain descrip-tions, complete domain theories, little change, and no need for general inference methods orplanning. Such domains are usually not whole �elds but are instead small corners, usuallytermed \microworlds." In general, knowledge-based systems require certain assumptions tobe satis�ed:24Political scientists and students of rhetoric should note the ideologically loaded nature of the term \expertsystem." It reinforces the cult of the expert, the naive hope for technocratic solutions, and the mysticalfaith in the infallibility of computer oracles. Furthermore, the main sociological result of the \expert systemrevolution" has been the digni�cation of the common-sense possessed by ordinary people. The exaltation ofexpertise follows as elite social groupings create barriers to entry based on specialized technical knowledge orniche-speci�c power. But, the ability of relatively simple programs to represent and deploy expert knowledgeillustrates their true sophistication; common-sense and ordinary intelligence remain practically inscrutable.This result supports the conclusion that intellectual di�erences between the experts and ordinary people arefar less than their respective social stati might indicate.25(Brownston, et al., 1985) is a recent introduction to knowledge-based systems. (Buchanan & Shortli�e,1984) and (Hayes-Roth, Waterman, Lenat, 1983) are earlier introductions. Hayes-Roth (1987) provides aconcise overview.26An algorithm is an abstract characterization of a procedure that yields correct results for all cases overwhich it is de�ned. A heuristic may succeed for some cases and fail for others, even though it is de�ned forboth. In short, an algorithm always succeed for de�ned cases while a heuristic may not.



2.1 Domain-Speci�c Knowledge-Based Systems 13� Complete Domain Knowledge: All relevant knowledge for the domain must beavailable so that system never encounters situations where insu�cient informationleads to spurious results.� Search-Control Knowledge: In order to make inferences it is necessary to applyrules to knowledge. As the number of rules and the amount of knowledge increases thenumber of possible combinations of rules and knowledge can grow exponentially. Thus,a major pitfall for inference systems is a debilitating combinatorial search in a largeknowledge base. Search-control knowledge tells a system the rules and facts are relevantin any situation. Without this kind of search-control knowledge complete domainknowledge is essentially useless because the system will expend all of its computationalresources making useless inferences rather than the speci�c series of inferences requiredto reach the desired conclusion.� Comprehensive Domain Theory: Complete domain knowledge and search controlknowledge adds up to a comprehensive domain theory.� Narrowly Constrained Domain: Complete characterization of a domain is typicallyonly feasible for highly constrained domains.� Static Domains: Evolving domains require human implementors to constantly in-troduce of new knowledge or rules. But, these additions often produce unanticipatedinteractions, and consequently, spurious inferences. Most contemporary systems donot have e�ective tools for locating these interactions in potentially complex process.Thus, debugging can be time-consuming and tedious. Rapid introduction of changesmay mean the system is never successfully debugged.Extreme domain-speci�city is both the source of strength and weakness ofknowledge-based systems. Whenever the task exceeds the range anticipated by its program-mers, these systems fail. In the current generation technology, they have no recovery mecha-nisms. Even if their architectures are relatively 
exible, current knowledge-based systems donot support learning or common-sense reasoning that could allow recovery. Moreover, thereis little hope of adding e�ective learning mechanisms to these systems because they supportno informal level of representation from which to learn.27 In short, knowledge-based systemscontain ungrounded, disembodied concepts. The kind of sudden failure behavior these sys-tem exhibit is called the \brittleness" problem. Brittleness is an important motivation forresearch on machine learning and related aspects of common-sense reasoning.2.1.2 Codifying Domain KnowledgeDuring the 1970s, address space sizes and processor speeds limited the size of rule-based sys-tems to between 50 and 300 rules. Recent advances have made it possible to build systems27Non-deductive forms of learning, such as analogy and inductive generalization, require an explicit recordof case-level or individual histories. Concepts are formed on the basis of this informal (pre-conceptualrepresentation). Since concepts are microtheories that guide reasoning about the behavior of classes ofphenomena, they can be updated from experiences to account for counter-examples. But, when a formalspeci�cation language is used to insert conceptual knowledge directly into a system, without a mediatingphenomenal grounding, there can be no recourse to a phenomenal (or pre-theoretic) level to reformulate orrevise defective theories.



14 2 WHAT DO WE MEAN BY AI?with at least hundreds of thousands of rules, perhaps even a million or more. New hard-ware architectures also a�ord the possibility of matching rules in parallel, thereby gaininga substantial increase in e�ciency. Thus, the hardware bottleneck of the 1970s has givenway to the domain codi�cation bottleneck of the 1980s. Codifying just a few hundred rulesworth of knowledge is a signi�cant undertaking in its own right. Culling several thousand istruly monumental. Since at least a couple of hundred rules is required to achieve adequatecoverage (and interesting complexity) even for narrow domains, considerable e�ort must gointo knowledge acquisition and codi�cation.Building a moderately complex knowledge-based system normally takes abouttwo years. The usual approach is for \knowledge engineers" to \harvest" the knowledge ofdomain experts.28 Their objective is to extract a comprehensive domain theory. Althoughexperts may be able to function e�ectively in a domain, they are rarely, if ever, fully cognizantof the theory guiding their behavior; important components may be tacit (Polanyi, 1958;Kuhn, 1962), whether intuitive or unformalized. Since experts may not be able to articulate acomprehensive domain theory, the knowledge engineer must use clever techniques to identifyand elicit the missing \informal" or tacit knowledge. One good way to extract this \informal"knowledge is by recording problem-solving protocols and systematically tracing the inferencesteps leading to the solution. Gaps in knowledge may also be exposed quickly by testing theincomplete expert system and analyzing its failure behavior.2.1.3 Correctness and ValidationTheoretical computer science develops proofs of possibility (or impossibility) for computa-tions that can be performed by computers. Typically these proofs are done for the generalcase and assume a universal Turing machine model (Hopcroft & Ullman, 1979; Boolos &Je�rey, 1980; Lewis & Papadimitriou, 1981). A foundational theorem of computer science,known as the halting problem, proves that in the general case it is not possible to provewhether a universal Turing machine will halt (terminate). Because the universal Turing ma-chine provides the theoretical foundation (the computational model) for work in computerscience, this result e�ects any computational characterization of an AI system. If it cannotbe shown that an AI system will halt (terminate), then the correctness of the system cannotbe established because there is never any result whose correctness can be checked!29Correctness proofs for speci�c programs have thusfar succeeded only for simplealgorithms. Correctness proofs for large programs, such as knowledge-based systems, othertypes of AI systems, or operating systems, are considered infeasible. This means that vali-dation is only possible on the basis of empirical induction.30 That is, given speci�c inputs,outputs (predictions) must be systematically compared to known results for the domain.28The process of acquiring knowledge from a human expert relies on discourse. This presents the problem ofaccurate interpretation as the knowledge engineer translates the discourse to the target formal language. Asknowledge-based system stray from the more consensual engineering domains to politics, the understandingprocess of the knowledge engineer becomes more problematic (Mallery, Hurwitz, Du�y, 1987). Thus, itbecomes desirable to model the interpretation process of the understander in addition to the expert { apossibility relevant for natural language approaches discussed in section 5.3.1.29The computational limitation of AI systems with relevance for political science modeling are discussedin greater detail in section 6.5.1.30Empirical induction is discussed further in section 6.5.2.



2.2 Toward Domain Independence 15If the system seems to be performing well as the number and variation of trials increases,we may assume that it will continue to perform correctly for the remaining possible inputs.But, unless all possible input combinations and associated outputs are in full agreementwith domain data, we are extrapolating (guessing) future performance from past experience.One consequence of empirical induction as a validation strategy is that it becomes less e�ec-tive as system size and domain complexity increase because the number of possible outputsand their mappings to the domain increase to unmanageable proportions. This means thatknowledge-based systems for unconstrained domains will be exceedingly di�cult to validate.Medicine is often touted as a success story for knowledge-based systems, andtherefore provides a good example. While medical diagnosis was among the �rst pioneeringapplications of rule-based systems and they have even shown some promise, doctors do notact without �rst verifying the diagnosis; medical expert systems are never left alone withthe patient (Schwartz, Patil, Szolovits, 1987). Indeed, nearly all the successes of knowledge-based systems have been outside medicine, typically in commercial applications where thecost of failure is relatively low and the domain highly constrained. The accepted wisdom isthat knowledge-based systems can be good descriptive prosthetics for theories and humaninferencing in narrow domains but that they cannot be entrusted with any critical decisionsor predictive tasks no matter how well they might seem to work.312.2 Toward Domain IndependenceThe major challenge in AI research today is to move beyond \microworlds" to systemswith multiple domain generality, and �nally, onto domain-independent32 system capable ofadapting to unconstrained everyday domains. This move demands architectures with infor-mal levels of representation to ground multimodal learning. Systems will have to representthe phenomenal world and use common-sense reasoning strategies, like those people are be-lieved to use, to independently learn about domains that are too complicated for knowledgeengineers to program into the system. Two important research areas for domain independentlearning are inductive generalization and analogical reasoning.31Reasons supporting this conclusion appear through this report, and speci�cally, in section 6.5. Theycluster into computational limitations of correctness, completeness, and decidability of inferential algorithmsas well as di�culties in the codi�cation of domain knowledge arising from sources such as vague or evolv-ing domain boundaries, dependence on other unanalyzed domains, or the presence of unrecognized tacitknowledge.32Domain independence refers to the independence of universal inference processes from the speci�c domainknowledge processed. It is intended to denote AI systems that can function in any domain precisely becausetheir operation does not rely on domain knowledge that is wired into the design of their inference engines.It does not refer to whether the inferences performed depend on the speci�cs of a domain; this is alwaysthe case. The description of how or what inferences to perform is a higher order level that talks about theprocessing of information. The domain knowledge is object level or the content of the information to beprocessed. If the inference process depends (the higher-order level) directly on the speci�c content of theinformation (the object level), a system cannot be applied to domains without the same speci�cs. Thismeans that the ability to function in multiple domains arises only when the inferential processes operate onthe basis of the form of knowledge rather than the speci�c knowledge itself. This means that the inferentialmechanism is an epistemological system designed to function according to the ontology of the representationfor knowledge.



16 2 WHAT DO WE MEAN BY AI?Inductive generalization, or concept acquisition, seeks to formulate character-izations of concepts by generalizing from speci�c examples (Dietterich & Michalski, 1983;Michalski, 1987).33 For example, a system might learn the concept of an arch from exposureto a series of positive and negative examples (Winston, 1975). The technique can be applied,in principle, to more complex objects. If a system learns concepts, it follows that it shouldclassify (Brachman & Levesque, 1984; Brachman & Schmolze, 1985; Haas, 1987) any newexamples encountered as instances of known concepts.Another more complex type of inductive generalization is explanation-basedlearning (Mitchell, et al., 1985). Here, a system induces a theory from a single exampleof a problem-solving episode, and subsequently, re�nes the theory to �t other cases. Theessential idea is that an AI system can acquire domain-speci�c inferential abilities by copy-ing a single example. Explanation-based learning is quite similar to the precedent learning(discussed below and in section 4.4) but in the re�nement process it generalizes the actions.Explanation-based learning is particularly well-suited to modeling of social processes, wheredemonstration e�ects are known to be prevalent and copying the strategy of another actoris a legitimate strategy for those with the necessary capabilities (Bennet & Alker, 1977).Considerable work has been done in this area. Since some large scale applications have beendone (Dietterich & Michalski, 1983), the main research issue is developing domain indepen-dent representations and e�cient induction strategies. A representation system capable ofrepresenting natural language meets the domain independence requirement. While theseideas have thus far received only limited application in natural language problems, theirpotential contribution is large because common-sense induction processes are ubiquitous inlanguage (Mallery, 1987a).Analogical reasoning is another important mode of learning for domain-independentsystems that is believed to be closely related to human \common-sense" reasoning. Here, theidea is to transfer problem-solving expertise from one domain to another on the basis of anal-ogy. In one of the most advanced systems, Winston's analogy program recursively appliesanalogies to solve problems and learn new concepts (Winston, 1984). Winston's program isparticularly impressive because problem statements and knowledge are acquired directly fromnatural-language texts. More recently, Carbonell (1986) has shown how di�cult problems inphysics can be solved by a kind of analogy he calls \derivational problem solving." Gentner(1983; Gentner & Landers, 1985; Falkenhainer, Forbus, & Gentner, 1986) has proposed atheory of analogical reasoning based on structure mapping, in which semantic structuresfrom one domain are mapped to another domain. Gentner advocates \systematicity," thepresence of higher order unifying relations, as the criterion for good analogies.34 Analogicalreasoning and precedents logics have high relevance for social science as is developed later.The emphasis on learning represents a quest for a genetic or evolutionary33In international relations, Alker and Christensen (1972: 195-196) not only demonstrate an awarenessof the problem of \concept attainment" in the psychological literature but also recognize its importancefor precedent-based reasoning. In fact, their precedent logics system actually performed some feature-basedinductive generalization to match di�erent situations.34Gentner's notion of analogy seems more of a cross-domain mapping from one domain theory to anotherindividual case because participation in higher order relations is tantamount to participation in a theory.My view is that this type of mapping is actually a deductive mapping that violates the legitimate range ofthe theory mapped. I hold that analogy is a mapping from an individual case to another individual case,independent of a theoretical abstraction. Although, I agree with Winston (1984) that the process of analogyleads to abstraction of theories spanning the source and the target domains.



17epistemology in which AI systems evolve better problem-solving strategies to cope with theworld. Inductive generalization and analogical reasoning are important ways of learning.There are certainly more ways of learning, and certainly much more to AI, than presentedhere. Readers interested in greater detail and other topics should consult the sources notedabove. The reason for emphasizing inductive generalization and analogy is that they aresymbolic processes that rely on the history of an understander and they thus illustrate thehermeneutics (Mallery, Hurwitz, Du�y, 1987) of learning: Namely, that the concepts acquiredor the analogies drawn depend on the speci�c history (e�ective history) of an understandingsystem. If concept acquisition and analogy (or precedents) constitute a major source oflearning in human cognition, it follows that classi�cations, interpretations, and subsequentunderstandings follow from the individual histories of people and groups.The learning processes (and also the inference processes associated with knowledge-based systems) are symbolic, not numeric. This is the major di�erence between modern AIand traditional uses of computers for numeric analyses. Indeed, it is the ability to devisesymbolic models of politics that is of interest for international relations and foreign policydecision-making. Instead of manipulating numbers like traditional computer applications,these AI technologies manipulate symbols and symbolic representations. Because quantita-tive methods are already in widespread use in international relations, symbolic processing of-fers the greatest potential for new applications to international relations modeling problems.In the next section, we shall see how these symbolic modeling techniques may contribute tothe formal modeling arsenal of political science.3 Computational PoliticsPolimetrics was used by Alker (1975) to denote formal modeling techniques for politicalscience, whether quantitative or symbolic. According to Alker (1975: 147), \... polimetricsis the application of mathematical forms and statistical techniques [or procedures] to [thequalitative labeling and quantitative metricizing of possibly observable] political phenomena,the scienti�c testing of political theories, and the solution of present and future politicalproblems." Even if this de�nition leans toward quantitative methods based on behaviorallyobservable data, it is broad enough to cover symbolic modeling techniques. In fact, Alkerincludes within polimetrics intentionalist methods such as game theory and cognitive modelsbased on \conceptual dependency" (CD is discussed in section 5.2).Three issues require attention if symbolically-based AI methods are to besmoothly integrated within polimetrics.� The general orientation towards stochastic methods needs to be balanced with thenotion of computational simulation, or the qualitative use of a universal Turing machineto simulate aspects of political phenomena.� AI methods attempt to model cognitive processes that are not directly observable. Be-haviorist correlational studies of the surface phenomena can neither identify nor con�rmthe \deep structure" responsible for the surface manifestations. Thus, veri�cation mustrely on indirect con�rmation strategies building from functional connections betweenthe the underlying processes and their surface manifestations.



18 3 COMPUTATIONAL POLITICS� The strong emphasis on quantity needs to be o�set by an equally strong emphasis onquality. The term computational symbolic polimetrics captures the relevant distinc-tions. \Computational" distinguishes AI techniques from non-computational formalisms ordescriptive languages such as logic, set theory, game theory, and argument analysis. \Sym-bolic" stresses the qualitative, non-numeric orientation of AI techniques. \Metrics" shouldbe retained because it captures the idea of �nding dimensions, in this case, qualitative di-mensions. Since \computational symbolic polimetrics" is too hard to say, an abridgment tothe more colloquial computational politics makes sense. Computational politics, thus, di�ersfundamentally from the stochastic and numeric approaches conventionally associated withpolimetrics. A concise de�nition could be: computational politics refers to the technique andpractice of formulating, implementing, interpreting, and evaluating computational models ofpolitical phenomena.35The reason to include computational politics in the methodological arsenalof political science is to widen the range of political phenomena amenable to formal study.Social processes, including international relations and foreign-policy decision-making, can bedivided into two broad classes: Material processes and ideational processes. The basic dif-ference is that ideational processes involve the cognitive processes of individuals and groups.Although quantitative methods have produced striking successes in the study of materialprocesses, they have not demonstrated similar successes in cognitive application, largely dueto an ontological mismatch.36 Cognitive processes are inherently symbolic (see section 3.2),and consequently, require formal methods suitable for simulating and analyzing symbolicprocesses. In international relations and foreign-policy decision-making, inquiry often fo-cuses on cognitive processes of individuals, groups, organizations, and countries (George,1959; Steinbruner, 1974: esp., 88-139; Etheredge, 1985; esp., 141-169). Speci�cally, politicalscientists are interested in why decisions (choices) are (should be) made in order to determinethe actions of international actors as well as the consequences for international systems andspeci�c actors within it. Choices are cognitively grounded in a political actor's beliefs, inten-tions, histories, social norms, \operational codes," and political orientations. As a problemof political cognition, the methods of computational politics provide a broad spectrum oftechniques suitable to the formal study of political decisions.35Model interpretation refers to establishing the correspondence between the elements and relationshipwithin the model and their external referents in the world. Since the complexity of a model must, byde�nition, be less than that of the phenomena modeled (Ashby, 1956; Deutsch, 1963), interpretation mustalso identify the points at which the model no longer corresponds. Some speci�c issues interpretation needsto address include strategic simpli�cation (section 6.1.7) and equi�nality (section 6.1.8). Model evaluationrefers to the more general problem of assessing the overall \goodness of �t," particularly the representationalaccuracy of the model (see section 6).36The ontological mismatch is independent of any divergences in social ontologies. But, an ontologicallyadequate modeling tool will capture di�erent social ontologies.



3.1 Reasons For Turning to Symbolic Modeling 193.1 Reasons For Turning to Symbolic Modeling3.1.1 Restrictions on Stochastic MethodsStochastic methods, heralded by some as the hallmark of \a scienti�c social science," yieldvalid results only when their fundamental assumptions are satis�ed. Since longitudinal stud-ies in international relations or speci�c decisions types face problems of continuing changesin the international system, including economic, political, cultural, social, and technologicalchange, stochastic methods face cases where n = 1 and basic assumptions fail. Limits ondegrees of freedom prevent inclusion of large numbers of qualitative or dummy variables;attempt to capture the full range of complexity in international phenomena quickly exhaustthe available degrees of freedom, forcing signi�cant variables to be dropped. Of course,stochastic methods can e�ectively perform a type of extrapolation between the availabledata points, revealing outlines of complex systems and predicting system behavior based oninertia. But these successes also inherently lead to poor performance on the low-probabilitynon-linearities that often account for major system transformations and policy decisions bymajor political units (Crecine, 1969; Alker & Christensen, 1972; Alker, 1975, 1984; Schrodt,1984b, 1985).3.1.2 Supplementing Di�erential Equation ModelsVarious scholars (Alker, 1976; Bennet & Alker, 1978; Alker, 1979a; Anderson & Thorson,1982; Sylvan, 1987a, 1987b) argue that AI methods of symbolic modeling can supplement thedi�erential equation models, such as those found in world models (Forrester 1971; Meadows,et al., 1972; Mesarovic & Prestel, 1974). While dynamic equations may capture feedbackrelationships in macro economic processes, they do not provide an adequate account ofdecision-making by major political units. Decision-making by major political units is a formof goal-seeking behavior under imperfect or distorted information (Alker, 1979b). It may of-ten be guided by historical precedents or constrained by normative considerations. Symbolicmodeling techniques provide alternative mechanisms suited to modeling decision-making asa symbolic, cognitive phenomena. They are also suitable for modeling the in
uences ofpressure groups (sectors), norms, and other qualitative in
uences on decision. They seekto develop better global models by incorporating new decision components that model thecognitive aspects of decision-making by the political units. More generally, this move towardhybrid models suggests a trend toward specialization and division of labor within complexinternational models. By applying techniques to those areas in which they are most e�ective,a hybrid model can eliminate weaknesses of each and bene�t from the strengths of all.3.1.3 IntentionalityAmeans for modeling intention is perhaps the major impetus underlying the turn to symbolicmodeling technologies (Alker, 1970; Alker & Christensen, 1972; Alker, 1975, 1976, 1979a;Anderson & Thorson, 1982, Thorson, 1984; Ensign, 1985a; Sylvan, 1987a, 1987b). Althoughcertain sophisticated stochastic techniques37 may contribute some insights into intentional37See (Alker & Christensen, 1972; Alker, 1975) for discussion of intentionalist statistics.



20 3 COMPUTATIONAL POLITICSvariables, they provide no adequate model of the rich representations and broad inferentialstrategies involved in intentional cognition. The shortfall is due primarily to the behaviorisminherent in the method; external indicators of intention were linked with behavioral output butthe actual symbolic processes were not modeled. Thus, even if attention to some \intentionalvariables" could improve prediction it did not open the \black box" of cognitive processing.In contrast, symbolic modeling using precedents or rules focused squarely on the cognitiveprocessing, including the formulation of goals and the composition of plans to realized them.An intentional symbolic model brings to bear both general and case-speci�c theories ofinformation processing in the organization or cognitive processing in the individual with theexternal inputs and traces through the processes yielding the behavioral output. Thus, whilebehaviorism may be intrinsic to various quantitative methods (because they cannot accountfor information processing within political actors), symbolic models are post-behavioristbecause they emphasize cognitive information processing. Moving beyond behaviorism is amajor reason for turning to symbolic methods.3.1.4 Economic RationalityPerhaps the major received account of social rationality is the \rational actor model."38Borrowed largely from economics, the rational choice model holds that individuals and ororganizations are utility-maximizing decision-makers.39 Their decisions putatively \revealtheir preferences," or underlying indi�erence curves. In fact, this view holds that rationalityis utility maximization. This approach models rationality with probabilistic expected utilitymodels. But reduction of knowledge and cognitive processes to numeric indices lacks cogni-tive plausibility. It lacks cognitive plausibility because individuals and organizations makedecisions based on plans, inferences, and knowledge.40Understanding rational action has been a longstanding problem for interna-tional relations as it attempts to explain decision-making by nation-states and other inter-national actors. While some IR theorists have imported the \rational actor" model fromeconomics, AI researchers (e.g., Cohen & Levesque, 1985, 1987a, 1987b) have endeavored todevelop structural models of purposeful behavior. These models attempt to explain how anintelligent agent formulates and executes intentions, goals, plans, and actions. In the struc-tural model of rationality, the cognitive processes such as learning, common-sense reasoningand concept formation are presumed to operate on a large semantic representations accruingfrom the agent's history. The two approaches are very di�erent: While economic rationalityis numerical and information poor, the structural rationality is symbolic and informationrich. The community of researchers developing symbolic models generally does notdiscuss the rational actor paradigm. They vote it down by pursuing other approaches. Thosewriters who address the question consider economic rationality inappropriate for interna-tional relations applications (Schrodt 1984b, 1985; Sylvan, 1987a, 1987b). Sylvan (1987a,38Allison (1971: 10-38) and Steinbruner (1974: 25-47) overview of the rational actor model with speci�creference to foreign-policy decision-making.39Beuno de Mesquita (1981) is a recent application of \rational choice" to international relations.40Of course to the extent that organizations use expected-utility models and other stochastic approachesto model their environments, and then, feed the results into their decision-making, their behavior approachesthe predictions of \rational choice."



3.1 Reasons For Turning to Symbolic Modeling 211987b) shows an example of how intentional inferencing performs better than economic ratio-nality because it captures certain non-rational features of decision. An illustrative selectionof objections to rational choice theory which are taken as reasons for pursuing symbolicmodeling approaches are:� The international system is not an equilibrial system. System transformations occurbefore an equilibrium is ever reached. Thus, methods suited for describing equilibrialsystems are inappropriate (Schrodt, 1984a, 1985).� Choices are made only once. The absence of comparability makes the application ofexpected value calculations dubious (Schrodt, 1984a, 1985).� The psychological evidence indicates people make decisions in ways substantially morecomplicated than expected utility calculations. Decisional processes are informationrich and socially in
uenced (Bennett, 1981; Schrodt, 1984a, 1985).� The rational choice theory is not falsi�able; it is o�ered as a normative model of howpeople should act rather than how they actually act. Thus, while there is negativeevidence, there is no empirical support for rational choice models (Schrodt, 1985).� The logics expressible within the representational ontologies of rational choice do not�t the phenomena (Diesing, 1962; Habermas, 1979, 1981; Bennett, 1981; Alker, 1984,1986, 1987). Human rationality is communicative (Habermas, 1981) and symbolic(Newell, 1980; Simon, 1985). It involves formulating goals on the basis of discursivelyexpressed and validated premises and organization of these premises into argumentsconsidered coherent by other members of the social group.413.1.5 Rigor, Counterfactual Simulation, InspectibilityLike conventional mathematical modeling techniques, intentional symbolic models are for-mally and precisely speci�ed. This yields rigor and replicability. The combination of arepresentation for knowledge and an inference engine makes it possible to modify aspects ofthe model and run counterfactual simulations. Sensitivity analysis of counterfactual simula-tions can disclose key components of the model responsible for speci�c aspects of an actor'sbehavior. More generally, symbolic models involve a series of functional transformations ona representation. Since they are explicitly represented, these transformations are availablefor detailed inspection, cumulative criticism, and subsequent re�nement.An important inspection technique involves verifying the logical consistencyof inferential chains. A deductive model, such as one based on theorem proving, guaranteesthe veracity of its inferences. Non-deductive models, such as systems relying on heuristicsor analogy, may perform erroneous inferences. In these cases, a truth maintenance system(TMS), also sometimes referred to as a reason maintenance system, can be used to detectthe introduction of contradictions into the representation.42 Contradiction detection is an41Rationality or the process of formulating plans and making choices falls under cognitive processing. Thecase of political cognition is discussed in section 3.2.42Truth maintenance systems create a dependency graph to track the justi�cations inferences. Sophisti-cated TMSs can do certain types of theorem proving. A recent special issue of Arti�cial Intelligence, 1986,volume 28, focuses on technology for truth maintenance systems.



22 3 COMPUTATIONAL POLITICSimportant analysis to perform on large theories or data sets. Similarly, gap detection locatesgaps in theory or data when inferences cannot connect premises with conclusions (Me�ord,1986d). In general, symbolic methods a�ord the possibility of detailed inspection of models,including the theories and data they incorporate, in ways a human might employ to evaluatetheories and data, but with greater systematicity and methodological variety.3.1.6 A Mental ProsthesticFormulating symbolic models provides a means to clarify theories in the course of the modelbuilding exercise. In AI research, good theories are generally wrong but they are good enoughto guide an implementation. Once in place, the implementation helps identify the weaknessesand underspeci�cations of the theory. Thus, cycles of theory extension or reformulation andimplementation lead to convergence on correct, computational theories. A good theory, then,is a beginning for an implementation, whereas a bad theory cannot be implemented in anyuseful way. The reason that theories are not right from the start is that the phenomena to beexplained are too complicated for a priori theorizing to succeed without the power of a strongdeductive tool. While mathematics provides such a tool for physics, symbolic modelingprovides a similar tool for sciences concerned with non-numeric \symbolic equations." Theimportance of a deductive formalism43 is that it enforces consistency or checks inconsistencybetween distant parts of the same theory. While numerically grounded equations performthis function for physics and other natural sciences, computational models may performan equivalent function for symbolically structured domains. Thus, computational modelsenforce systematic relationships between distal components of a symbolically-based theory.Computational models also allow examination of the logical structure of theories. In general,the rigor of formalizations exposes weaknesses that may lead to theory revisions that improveaccuracy and breadth of coverage. Thus, symbolic models of foreign policy decision-makingand international relations provide a strong deductive formalism that can help scholars copewith the inherent complexity of their subject and hone their theories to better approximatethe phenomena. In this use, computational models constitute a mental prosthestic.443.1.7 Evolutionary EpistemologyLearning and non-learning is an important part of what political actors do in responseto (or occasionally in anticipation of) changes in the international system. Modeling thelearning and the ideational restructuration of individuals, organizations, and other socialcollectivities seems possible, in principle, only by means of symbolic modeling. In the lit-eratures on psychology (Campbell, 1960, 1974) and philosophy of science (Popper, 1974,1977), \evolutionary epistemology," or the processes by which biological systems and cog-43Note that the deductive formalism need not model deduction. It may mode other inferential processes,including learning. It is a deductive formalismbecause it builds on a base (the computer) whose operation isnecessarily deductive and syntactic { even if it can simulate at higher levels non-deductive and non-syntacticprocesses.44Me�ord's (1986d) report on his computer implementation of balance of power is an illustration of usinga computational model as a mental prosthestic.



3.2 Modeling Political Cognition 23nitive systems accumulate knowledge, provides an account of the growth of knowledge.45This formulation of evolutionary epistemology is, however, precomputational. In the AIliterature, evolutionary epistemology is partly treated by learning and models of the sci-enti�c discovery process.46 The machine learning literature emphasizes inductive general-ization, concept acquisition, theory formation, discovery, analogy, metaphor among othercomputationally-grounded learning strategies. A synthesis between the computational andthe pre-computational approaches promises to supply better cognitive (and perhaps genetic)learning strategies than \blind variation and selective retention."47 The prospect of simulat-ing the learning of political actors, and even, the learning of the social-scienti�c investigator,will lead to a major transformation in the formal modeling of international relations andforeign-policy decision-making.483.2 Modeling Political CognitionModeling tools are rarely theoretically neutral. When the tool is multivariate regression, thedata is time series and cross-sectional variables. International events data clearly re
ectsthis orientation. However, when the tool is a symbolic processing technique, such as a rule-based system, the data becomes symbolic characterizations of decision rules for the principleinternational actors. This suggests a change in the meaning of international events data.The remainder of this section explores the reconceptualization of the modeling task thatnecessarily accompanies the advent of symbolic modeling. It is intended to sensitize thereader to this crucial issue before the following section reviews the implemented models.Political cognition divides into cognitive processes at the level of the individualand social collectivities. Both levels are interpenetrating. Political cognition in the individualis constrained by his embedding in society (Bennett, 1981; Habermas, 1981) while politicalcognition in collectivities builds from the cognitive processes of individuals. The two keyfeatures of political cognition are:45For a recent edited volume containing articles by the main proponents of evolutionary epistemologyin psychology and philosophy, see Radnitzky and Bartley (1987). Bartley (1987) provides an overview ofevolutionary epistemology.46See Michalski, Carbonell, & Mitchell (1983, 1986) for recent overviews of the machine learning literature.47The computational di�culty with blind or random variation is that it implements an undirected andunconstrained search. Without massive parallelism, such a brute force search is unlikely to converge atreasonable rates. Greater constraint in the sources of variation, such as Waddington's (1976) epigeneticlandscapes (topologies of possible evolutionary trajectories), are necessary to reformulate evolutionary epis-temology for greater computational plausibility.48Although precomputational, Etheredge (1985: 66) provides a de�nition of organizational learningand sets out to understand foreign-policy decision-making from the perspective of organizational learning.Etheredge assesses intelligence in terms of:� realism, recognition of the di�erent elements and processes at work in the world;� integration of the di�erent elements and processes in coherent thought;� re
ection upon the �rst two processes (sometimes called deutero learning, or learning about learning).



24 3 COMPUTATIONAL POLITICS� Individual cognition is grounded in \procedural rationality" (Simon, 1985), a non-stochastic, symbolically-mediated, functional account of human reasoning processes,where these reasoning processes are conceived as \physical symbol systems" (Newell,1980).� Social cognition is fundamentally a linguistic phenomenon, centered on interpretationsof the meanings and intentions of social actors (Deutsch, 1953; George, 1959; Gadamer,1960; Alker, 1975, 1979a, 1986; Habermas, 1979, 1981; Bennett, 1981; Dallmayr, 1984;Shapiro, 1984).Modeling political cognition recognizes that Man is not merely homo faber,but is, perhaps more fundamentally, homo loquens (Dallmayr, 1984). People live in lin-guistic communities and exchange information through language. Signi�cant action can betreated much like linguistic statements found in texts, because both convey meanings and aresubject to interpretation that reveals motivating intentional structures (George, 1959). Bybuilding representations of intentionality in addition to belief, it becomes possible to modelsocial action (Alker, 1971; Ricoeur, 1971; Searle, 1983; Gilbert & Heath, 1985). The beliefsand intentions underlying planning and counterplanning �nds their expression in strategiclanguage (Mallery, 1987b). Strategic language expresses not just the beliefs and intentionsof the speaker but also those attributed to competitors, and re
exively, those the competitorattributes to the speaker. For international relations and foreign-policy decision-making,the modeling task builds from this kind of language { even if most standard logics cannotexpress statements of embedded belief (Mallery, 1987b).4949Strategic language is not explicitly included within Habermas' (1979: 41, 117-119; 1981: 94-101, 305-319,333)) formulation of strategic action or communicative action. For Habermas, strategic action refers to thecase of competing opponents who are each attempting to in
uence each other's decisions in a purposive-rational way. Communicative action is a kind of discursive practice for reaching understandings, or agree-ments, about legitimate norms governing social action. Habermas restricts the linguistic grounding for hisdiscussion to speech acts, ignoring the more general issue of belief or modal contexts and their role in theempirical knowledge mustered to justify choices. The notion of strategic language could be incorporatedinto Habermas' notion of communicative action but it might have signi�cant consequences for the theory,such as eliminating the possibility of an objective truth independent of the subject (favoring Gadamer inthe Habermas-Gadamer debate (Mallery, Hurwitz, Du�y, 1987: 366-367)), changing the focus of validityredemption to discourse about the opacity of belief contexts, improving the analysis of validity claims bygrounding it in belief contexts rather than speech acts { which do not cover all the linguistic cases wherebelief contexts e�ect validity. More importantly, revising his theory to account for belief contexts and theassociated opacities (see section 6.1.3) would poses di�culties for Habermas' existence claim for an objec-tive truth, and consequently, would compel Habermas to accept some version of Gadamer's position in theHabermas-Gadamer debate! Grounding his work in a linguistic analysis limited to speech acts presents sig-ni�cant di�culties for his implicit theory of internal structure of individual action and the edi�ce he buildson top of it. Recent work by Cohen & Levesque (1985, 1987a, 1987b) suggest that speech acts are notprimitive and that an underlying theory of individual action can be developed from more basic constructs.The position I maintain in my conception of strategic language is presently agnostic concerning the speci�ctheory of individual action but holds that strategic language re
ects signi�cant elements of such a theory,including the patterns of inference from belief contexts derivable from it.



3.3 Limitations of the Monological Model 253.3 Limitations of the Monological ModelTraditionally, most AI researchers have assumed an asocial or monological model of the cog-nitive agent (Chomsky, 1965, 1981; Minsky, 1987; Batali, 1987) in which cognitive processesare reformulated and studied independent of their social embedding. Apel (1980) argues thatthe monological model, speci�cally Chomsky's linguistic research programme, is inadequatefor exploration of cognitive competences and for use in social science because it ignores therole in cognitive processes, whether linguistic or ideational, of culture, conventions, socialrole-playing and norms. In short, it ignores the social embedding of the cognitive agent.Apel's critique centers around a priori grounds for communication between social actors.The argument easily generalizes from an attack on transformational syntax to an attack onsingle-agent cognitive science or standard AI research. By ignoring intersubjectivity, typ-ically linguistic interaction with other cognitive agents in society, the monological modelfails to problematize di�erential understanding of the cognitive agents as a function of theirrelative embeddings in society. While a monological model might be adequate for studyingaspects of the a priori structure of cognition, it fails as a scienti�c research design wheneversocial interaction comes into play, such as in the acquisition of linguistic capabilities, stagesof cognitive or moral development, or more generally ideational development.50In all fairness, it should be noted that the monological approach is not mono-lithic within AI. Some prominent �gures in AI, e.g., (Winograd, 1980; Winograd & Flores,1986), are explicitly sensitive to social constraints on cognition (Bennett, 1981; Klockner &Bennett, 1987). Others �nd intersubjectivity intimately related to their research, particu-larly in natural language utterance planning (Appelt, 1985) and theories of rational action(Cohen & Levesque, 1985, 1987a, 1987b). In the information processing context of the o�ce,Hewitt (1986) addresses the problem of distributed computers systems (computer systemswith di�erent informational embedding) attempting to talk to each other but meaning di�er-ent things with the same terms. But these e�orts typically do not go as far as social scientistsmight desire. Thus social scientists, particularly but by no means exclusively, ethnomethod-ologists and social psychologists, can contribute desiderata for symbolic modeling on basisof the social constraints on individual psychology. More generally, the recognition that in-telligent agents have acquired a history in a speci�c social milieu is crucial for modeling theconcrete ways in which they understand the world.51There are two ways in which the monological model needs to be transcended.First, models of cognitive agents must incorporate histories for the agents. In contrast totypical engineering domains where a single objective interpretation often seems self-evident,social systems, and in particular international relations, are riddled with examples of di-vergent and incommensurate interpretations of the same phenomena. This divergence ofinterpretations is explained by a fundamental insight of the German philosopher MartinHeidegger (1927), which was elaborated and extended to language by his student Hans-50Importing tools from AI into social science methodology will always carry the danger of distorting thephenomena to be modeled because of the biases engineered into the tool; the social scientist must select toolssuitable for the modeling problem, or if the do not exist, create his own, e.g., Relatus (Du�y & Mallery,1986).51A dialectical alternative would emphasize the collectivities over the individuals and understand intelligentagents as instantiations of constraints speci�ed by their cultural and social embedding. This view, however,encounters di�culties because it easily loses touch with the grounding of society in individuals and theexigencies of everyday life that compel them to act.



26 3 COMPUTATIONAL POLITICSGeorg Gadamer (1960). The insight is simply that understanding is inherently subjectivebecause it must always be based on the information available to the understander fromhis experiential history in the world. In international relations, this problem has surfaced as\di�erential perceptions" (Jervis, 1976). It is axiomatic that ideological, cultural, social, sec-toral, and even organizational, di�erences can produce di�erential understandings. Modelingthese di�erences demands natural language representations of the beliefs and interpretationsof understanders based on their individual histories. These representations must allow forbiases and distortions in understanding due to di�erential histories.Second, once history-sensitive symbolic models become the goal, the data col-lection task becomes acquiring documentary traces for the histories of political actors. Here,detailed case studies provide the means. In sum, symbolically modeling social phenomenademands an alternative to the monological model, in terms of both the characterization ofcognition and the requirements of detailed case histories. This alternative has been dubbedcomputational hermeneutics (Alker, 1975; Alker, Lehnert, Schneider, 1985; Du�y & Mallery,1986; Mallery, Hurwitz, Du�y, 1987).523.4 Social Systems as Patterns of ConversationsThe external corollary of homo loquens is a \conversation processing" view of social functionsand interrelationships. The emergence of this view is re
ected by a growing momentum oflinguistically-based studies of organizations, societies, politics, and international relations(Lasswell, Leites, et al. 1949; Leites, 1951; Lasswell, Lerner, & Pool, 1952; Deutsch, 1953;George, 1959; Habermas, 1979, 1981; Dallmayr, 1984; Onuf, 1985, 1987; Du�y & Mallery,1986; Mallery, Hurwitz, Alker, Du�y, 1986; Alker, 1986; Winograd & Flores, 1986). Ifsocial systems are \conversation processing" entities, their informational currency is pri-marily natural language utterances and actions { to which interpretations can be assigned.Through complex conversational patterns, or \social talk" (Alker, 1986), societies orga-nize (re-)production of not just their material bases but also the practices and structuresof rights and responsibilities (Harre, 1985) in the socio-political superstructure.53 Sociallysigni�cant actions are typically embedded in communicative situations in which the actioncan be interpreted as a speech act whose modality has been shifted. Thus, the receivedcybernetic dichotomy between action and control information loops (Ashby, 1956; Deutsch,1963; Steinbruner, 1974) is superseded by a unifying framework in which action and controlstreams are understood within a conversational model of linguistically-mediated commu-nication. In short, language provides the tool that intersubjective communication uses toorganize social action and reify conventional practices in culture. For international relations,52Some readers might believe that functional simulations of AI phenomena might be indi�erent to themonological model because no interpretation seems involved. This argument will stand as a crude approx-imation. However, modern social methodology (Alker, 1981) stresses the need to situate the subject (theobserver) within the analysis so that the biases inherent in the subjects position in society can been con-sidered by readers (receivers of the wisdom). Thus, the monological model fails to withstand the test ofmethodological self-re
ectivity.53Society as a pattern of self-producing conversations is an idea that traces from the notion of autopoeisisfound in (Maturana and Varela, 1980), its application to cognition (Maturana, 1970, 1977), and its extensionand elaboration within social contexts by Winograd and Flores (Winograd, 1980; Flores, 1981; Winograd &Flores, 1986).



3.4 Social Systems as Patterns of Conversations 27conversations may range from diplomatic exchanges, negotiations, and deterrent statements(Bennett, 1987) through war { violent communicative action or a diplomacy by other means(Clausewitz, 1832). Within a theoretical framework that considers the fundamental infor-mational unit of social systems to be conversations and beliefs derived therefrom, ontologicaladequacy demands a modeling technique suited to processing natural language utterancesand felicitously representing beliefs.Granting the view that social systems are (re-)constituted by their conver-sations (including internalized conversations, i.e., thinking), what are the content of theconversations? One approach to this question is to consider the conversational ecology ofthe system and the informational niches it contains. Productive, sectoral, class, geographic,ethnic, and a�lliational divisions provide a communicational matrix within which individ-uals and groups interact with each other and the rest of society. Paralleling the divisionof labor, the pattern of social communication calls forth and de�nes rules for appropriate(inter-)action within each niche.54 Di�erent conceptual structures may arise as categories areinduced or abduced from the di�ering historical experiences of individuals and collectivities(Luria, 1974; Sergeev, 1987b). In short, participation in particular conversations re
ects,reproduces, and transforms conceptual di�erentiations in the social and organizations sys-tems. This conceptualization demands a methodology that is sensitive to the informationaldi�erentiation re
ected in the division of labor as well as other ideational di�erentiations insocial systems, speci�cally:� The ability to model the linguistic histories of political actors;� The ability of learn (induce) the categories structure that political actors would inducefrom their histories;� The ability to locate and apply precedents, analogies, and metaphors whose applica-bility (and existence) depends critically on the speci�c history of the political actor;� The ability to simulate not just the problem-solving behavior of a political actor onthe basis of their intentions and goals as they arise within the actor's speci�c history.� The ability to simulate the political actor's interpretation of other purposive agents inthe environment.Although this manifesto for a hermeneutically-informed computational politics may seemfarfetched, advanced work in this �eld is not just targeted in this direction but actuallydeveloping these kinds of capabilities.54Some approaches have proposed \schemas," (Lau & Sears, 1986) and \scripts" (Schank & Abelson, 1977)to capture stereotypical mental models for niches but these typically su�er from assumptions of categorialuniversality or the absence of dynamic reformulation as learning responds to changes in the communicativematrix. Habermas (1981) refers to stereotypical roles associated with informational niches as \dramaturgicalself-presentation." Harre (1985) discusses the \ruling following" (Wittgenstein, 1953) associated with theseniches, considered as sociological categories.



28 4 MODELS USING ARTIFICIAL LANGUAGES4 Models Using Arti�cial LanguagesThis sections reviews the research using arti�cial languages to model political phenomena.It covers information processing models, cognitive mapping, knowledge-based systems, andprecedent logics.4.1 Information Processing ModelsThe information processing models of Simon and Newell and their students (Simon, 1969;Newell and Simon, 1972; Crecine, 1969; Simon, 1985) are an early tradition of symbolically-based work in arti�cial intelligence with political relevance. These models attempt to modelsocial phenomena through the lens of problem-solving and planning behavior as formulatedin their \general problem solving" (GPS) (Newell, Shaw, & Simon, 1957, 1959). GPS in-volves applying means-ends analysis to �nd a path from an initial state to a desired �nalstate. Information processing models aim at elucidating goal-seeking behavior using notionsof \bounded rationality" and \satis�cing." Goal-seeking behavior is formulated as a searchthrough a problem space, the set of all possible paths from an initial state to a �nal state.55Since computers, individuals, and organizations can deploy only �nite computational re-sources, all possible aspects of the problem space cannot be examined. Hence, \boundedrationality" expresses the inability of real decision-makers, in contrast to idealized \ratio-nal" decision-makers, to consider all possibilities. If a decision-maker does not consider allpossible problem solutions, he must select an adequate one as a function of the order inwhich solutions are enumerated. \Satis�cing" captures the notion of accepting an adequateproblem solution as it is found even though it may not be optimal. GPS, then, providesboth a computational technique for problem-solving, and perhaps more importantly, a richervocabulary for describing computational processes found in organizations and other socialprocesses. Indeed, the work of Newell and particularly Simon constitutes an early transferof computational vocabulary to the social sciences with far-reaching e�ects.Despite its conceptual successes, GPS faces series computational di�culties.In practice, GPS style problem-solving is intractable because it involves search in an expo-nential problem spaces.56 Thus, it is only practically computable for the simplest problems.Even if it evinces poor computational properties, GPS provides a highly general conceptualframework for understanding both human and computer problem-solving. More recent workaims to develop problem-solvers that are both computationally tractable and cognitivelyplausible. A modern descendant of GPS is SOAR (Laird, Newell, & Rosenbloom, 1987).Building on top of OPS557 (a production rule kernel), SOAR remembers and re-uses suc-cessful problem solving sequences in new situations. This remembering process is termed\chunking." In cases when these \learned" chunks do not work for a novel problem situa-tion, the system introduces variations into the \chunked" problem-solving sequence. Once55GPS and problem spaces are discussed in any introductory textbook on AI, e.g. (Winston, 1984).56Although other ways could be used, one way to formally demonstrate the intractability of GPS is to showthat it can implement non-linear conjunctive planning, which is known to be computationally intractableand also undecidable (see section 6.1.4).57Students of rhetoric will appreciate that OPS5 stands for \O�cial Production System," version �ve.Brownston et al. (1985) provide an overview of OPS5.



4.2 Cognitive Mapping 29a successful variation is found, the old \chunked" problem-solving sequence can be re�nedto identify the novel situation and apply the new variation to it. In this architecture, com-putational resources are conserved by applying methods known to work all at once withoutany search. Just as the earlier GPS o�ered conceptual insights for macro-social phenomenaso too does the novel SOAR architecture. Speci�cally, it argues for convergence with othertraditions that have focused on precedent-based models of organizational and individualdecision-making (see section 4.4). The reason is simple. Once an organization has solveda problem by whatever means, it is far simpler to apply the stock solution rather than torederive the solution from �rst principles. Thus suggests a corollary to \satis�cing:" Inseeking a solution to a problem, organizations will accept any known precedent from theorganization's history which applies and solves the problem adequately. As a further note,Allen Newell has recently argued to philosophers and psychologists that SOAR represents aplausible architecture for a uni�ed theory of cognition.584.2 Cognitive MappingIn contrast to problem-solving's focus on plausible search, cognitive mapping approaches(Bonham and Shapiro, 1975; Axelrod, 1976) attempt to capture some aspects of a�ect incausal algebras based on \cognitive consistency." In the earlier formulations, \cognitive con-sistency" refers to the propagation of positive and negative a�ect according to the concep-tual associations. Cognitive mapping represents one branch in a family tree descending from\cognitive balance" theory (Heider, 1946) and the \cognitive consistency" models of beliefdeveloped by Abelson and his associates (Abelson & Rosenberg, 1958; Abelson, 1959; Abel-son & Carroll, 1965; Abelson, 1968; Abelson & Reich, 1969). Cognitive mapping attempts toconstruct essentially symbolic model of the a�ective associations of a decisionmaker. Aftermapping the relevant a�ective structure, studies in this genre attempt to postdict (or predict)decisions for speci�c decision makers according to a�ect propagation and associations.The need for interviews with the decisionmakers to construct a�ect maps cir-cumscribes the applicability of the approach to accessible leaders. One drawback is that a�ectmaps were static. Me�ord (1979a, 1979b) proposes introducing a transformational compo-nent into cognitive mapping in order to cope with structural change over time. Anothermajor shortcoming is that the a�ective relations were essentially undi�erentiated. Workingwithin the \conceptual dependency" tradition59 (Schank, 1972; Schank & Abelson, 1977),Lehnert (1981, 1982; Lehnert & Loiselle, 1985) develops a richer theory based on \plot units,"58Newell makes this argument in his 1987 William James Lectures at Harvard University. For Newell,a uni�ed theory of cognition must propose a comprehensive mechanism to account for human cognitiveabilities. It should have a computational implementation that conforms to and explains the large quantitiesof experimental constraints currently known to psychology. Although there are indeed important elementsof SOAR's architecture that a uni�ed theory of cognition must incorporate, there are also important facetswhich are untenable. Some implausibilities include:� The theory of meaning is reductionist rather than constructivist and the representation impoverished;� If-then rules have low cognitive plausibility because they are ungrounded in a historical representation;� The learning modalities do not include metaphor or even analogy.59Discussed in section 5.2.



30 4 MODELS USING ARTIFICIAL LANGUAGESa collection of \primitive" units of a�ect that can be combined in larger \a�ect molecules."These larger a�ect chains are considered to represent the emotional skeleton underlying nar-rative stories. The approach has been used to study the a�ective core of politically signi�canttexts, such as Christ's \Sermon on the Mount" (Alker, Lehnert & Schneider, 1985). Thispolitical application clearly illustrated problems of intercoder reliability that demand atten-tion. While the \plot units" enrich the approach by di�erentiating a�ective relations andallowing them to combine into interesting composites, no (cross-)cultural validity has beenestablished for the primitives or the patterns in which they can combine. As the researchon a�ect becomes more sophisticated, it gradually shades from the simple representations ofcognitive-mapping into the richer memory structures and inferential processes of cognitivemodeling (Pfeifer, 1982; Dyer, 1983; Mueller, 1987)604.3 Knowledge-Based Systems4.3.1 Foreign Policy Decision-MakingThorson and Sylvan (1982; Anderson & Thorson, 1982) describe an interactive cognitivemodel61 that supports counterfactual simulations of President Kennedy's decision processduring the Cuban Missile Crisis. Their aim is to model the role of incremental advice andnew information in the selection of options and assessment of probable Soviet responses. ACD-like representation (see section 5.2) is used to represent Kennedy's knowledge at anypoint during the crisis and a set of 63 production rules captures Kennedy's beliefs aboutrelevant causal relationships in international a�airs. Sentence-like inputs are interpreted ac-cording to the current context and the active rules. As new information is received by thesystem, plausibilities are assigned to beliefs and options. Responding to inputs consisting ofeither Soviet actions or some new advice, the system searches for an acceptable option thatwill move the current context toward an acceptable state of the world. Option selection issensitive to the order in which alternative are considered in order to simulate \satis�cing,"but this is considered a weakness (Anderson & Thorson, 1982). After initially reproducingearly stages of the historical crisis, several counterfactual runs tested the outcome sensitivityto various parameters, including the risk adversity of the Soviets and changes in Soviet re-sponses. Thorson (1984) emphasizes intentional inferencing in a expressly CD representationused by a successor model of decision-making in Cuban Missile Crisis.Anderson and Thorson (1982) report on an interactive hybrid simulation ofSaudi Arabian decision-making, treating the government as a unitary actor. Di�erenceequations simulate Saudi oil production, crop production and population dynamics whilethe government is modeled using rule-based programming. The government decision mod-ule implements policy by manipulating equation parameters in order to achieve productiongoals. The cycle periodicity is one month for the dynamic equations. Sentence-like inputsprovide information which the system interprets and acts on to achieve goals of the simulated60Of course, most cognitive modeling ignores emotions even though �gures such as Simon (1985) andAbelson have repeatedly stressed its importance, including its role in structuring memory. To date, Mueller's(1987) Ph.D. thesis is the most sophisticated cognitive model of emotions within a conceptual dependencyframework. For those interested in pursuing emotion modeling, Mueller (1987: 57-69) provides a usefulreview of previous work.61The program consists of 800 statements written in SPITBOL.



4.3 Knowledge-Based Systems 31government. Syntactic analysis reduces the input to a \basic meaning." This is then inter-preted context-sensitively, according to rules about how the environment works, for use by adecision module. The vocabulary consists of 23 nouns, 19 verbs, and 17 actors.62 Based onuser input describing the international system, the system controls production parametersand provides responses to queries. Thus, by providing di�erent input or varying its order,63di�erent scenarios are played out.Lenat and his coworkers (Lenat, Clarkson, & Kiremidjian, 1983) discuss anexpert system designed to aid a human intelligence analyst in performing the \indicationsand warnings" task, essentially tracking reports about military movements and preparationsin order to predict military attacks or operations.64 The task involves maintaining a domainmodel representing the current situation and potential scenarios. This system maintains twoparallel situation models. Rules with strong matching criteria are used to infer the highcon�dence model from the report stream. Rules with weak matching criteria are used tomaintain a low con�dence model. The true situation is believed to rest between the twomodels. Inverse rule pairs provide forward-chaining rules to infer consequences from eventsand backward-chaining rules to infer antecedents from events, and thereby, help �ll in infor-mation gaps.65 The representation uses a frame system that represents objects and events interms of attribute-value pairs. Temporal duration is an important parameter associated witheach event frame. The systems uses knowledge of characteristic durations to determine themilitary processes active at any time. Using characteristic temporal durations and knowl-edge of active processes, the system can estimate lower and upper bounds for times requiredto achieve speci�c military states, which accomplishes the \indications and warnings" task.The system provides an explanation facility that allows an analyst to inspect the inferentialprocesses leading to speci�c conclusions. An analyst can use this facility to identify the keybreak points and critical pieces of information. A window-oriented user interface facilitatessystem use. In 1983, the authors were expanding the number of reports types handled andincorporating a scenario generation capability based on open-ended exploration methods or\learning by discovery" (Lenat, 1983).In more recent published work, Lenat and Clarkson (1986) provide a high-leveloverview of the application of AI to C3I, which they understand as:� Managing SDI;� Enriching and making readily available the intelligence information to policy makers;� Re�ning command and control of strategic forces C2;� Improving tactical C2.62There are a total of 215 knowledge elements in the simulation; only a small fraction are active at any onetime. The decision making component contains 109 rules and is implemented by 2619 lines of SPITBOL.63Like the Cuban Missile simulation, the system is sensitive to input order.64The system is written in Interlisp-D and runs on Xerox D (1100 series) Lisp Machines. The prototypesystem contains 60 rules and 170 frames representing objects and processes. Rules are presented to a userin a stylized English form. On a Dolphin (1100 series), a lower end machine, the system can process reportsat a rate of 30 per minute.65The authors note that an improved design would incorporate bidirectional causal relations instead ofinverse rule pairs.



32 4 MODELS USING ARTIFICIAL LANGUAGESTheir view of the directions for AI in C3I is grounded in speci�c technologies with whichthey are familiar, particularly machine learning (Lenat, 1983) and encyclopedic knowledgebases (Lenat, Prakash, & Shepherd, 1986). They anticipate introduction of major AI compo-nents into C3I, including numerous expert subsystems and a machine learning component,operating with 104 to 105 rules. The note a major di�erence between strategic and tacticalC2: Tactical strategy is more computationally tractable for AI system to explore. While alearning system may attempt to discover or learn new tactics, 
aws in tactics, and syner-gistic relationships between tactics, it cannot expect anywhere near as much success at thestrategic level because of the higher complexity found there. In the intelligence �eld, theysee AI systems:� fusing data from multiple sources,� highlighting indicators for various important events from a morass of information,� verifying hypotheses based on con�rmation or discon�rmation by collected information,� generating hypotheses on the basis of stored information.Introducing AI systems into the analysis apparatus is considered to help reduce \wishfulthinking," where only information supporting preconceived hypotheses is highlighted, im-proving institutional memory by carrying over expertise across cycles in human analysts,and freeing analysts to cover more areas in greater depth. Lenat and Clarkson contendthat the most di�cult aspects of C3I will require machine art, AI systems which reasonabout mythical archetypal and historic knowledge by drawing on not just expert-specialistknowledge but also common-sense knowledge. The premise is that mythical knowledge to-gether with heuristics for creating dramas provide scripts of strategic eventualities suitedfor speci�c times, places, and conditions. Assuming that these mythical scripts are \power-fully imagined" { that is, unquestioned cultural predisposition guiding individual behavior{ they constitute a constraint on strategic thinking that an AI system can exploit to guideits contemplation of the domain.Sylvan and Majeski (Sylvan & Majeski, 1983; Majeski & Sylvan, 1985; Ma-jeski, 1985) discuss their ROSTOW model.66 Theoretically informed by \bureaucratic poli-tics" (Allison, 1971; Steinbruner, 1974), this case-speci�c simulation attempts to reproducethe decision-making behavior of a key presidential advisor within an intersubjective orga-nizational context. The speci�c historical period treated is the Kennedy administration'sdecision in late 1961 to increase the number of U.S. advisors in Vietnam. The advisor isWalter Rostow who was then a deputy to McGeorge Bundy, the special assistant for NationalSecurity a�airs. The objective of the simulation is to reproduce Rostow's recommendationsduring about a dozen stages in the decision process. A set of rules simulating the decisionprocess act on a propositional representation of the decision task and the bureaucratic envi-ronment. Organizational constraints, essentially re
ecting Kennedy's views, are an impor-tant set of propositions that constrain the direction and framing of recommendations. Onecategory of rules represents general norms for bureaucratic behavior and another group ex-presses heuristics followed by the individual decisionmaker for interpreting situations. Giers(1986) concludes that although ROSTOW aims at generality by clear separation of theoryand data, the e�ort slides into case speci�city as theoretically motivated bureaucratic norms66The system is implemented in MICRO-PROLOG, a subset of PROLOG.



4.3 Knowledge-Based Systems 33become intertwined with particular scenarios. Important weaknesses include the inability torepresent the beliefs of di�erent actors and the implementation in one of the least power-ful computational environments. But, this data intensive exercise is an important researchdirection because it represents an initial attempt to build a model that follows the papertrails which condition bureaucratic cognition and constitute the matrix of ideational nicheswithin bureaucracy. It therefore, recognizes bureaucratic decision-making as a process oforganizational communication with a documentary trace. These researchers are focusingnow on identifying and formalizing role of \bureaucratic culture" in framing situational in-terpretations in ways that making war recommendations conceivable or not (Majeski, 1987).This move is an attempt to get beyond case-dependent models to a generalizable yet formaltheory of decision-making explaining war recommendations.The RAND model is one of the major implemented AI systems for foreignpolicy decision-making. It is intended to provide a computational laboratory for testingdi�erent theories about American and Soviet decision-making in strategic crises. This is animprovement over earlier methods. As long as the military strategists heed the implementor'swarning that the system is only a tool for studying the domain and not a predictive tool onwhich real-world decisions should hinge, the systemmakes a positive contribution to strategicthinking. While the RAND expert system for simulating strategic decision-making uses somesymbolic decision criteria expressed in the form of heuristic rules, it mostly relies on modelsof rationality grounded in a utilitarian outlook | an ontologically anomalous juxtapositionwith symbolic modeling. The decision-making assumes an ideal strategic decisionmaker.The model of decision67 incorporates elements of:� Decision-analytic models which seek an optimal solution by maximizing a prefer-ence function (Rai�a, 1970; Keeny and Rai�a, 1976);� Game-theoretic approaches which combine preference functions with game-theoreticconstructs (Brams, 1985);� Bureaucratic politics approaches which stress the in
uence on decision of compet-ing factions, interests, and divisions within the bureaucracy, as well as their externalsupporters (Allison, 1971; Steinbruner, 1974);� Organizational cybernetics which emphasizes feedback, control, and local adapta-tion in organization decision-making (Steinbruner, 1974; Janis & Mann, 1977; Simon,1969, 1982);� Rule-based heuristic models which deploy heuristic rules based on situational con-text (Carbonell, 1978; Schwabe & Jamison, 1982);� Information processing models which focus on receiving and processing informa-tion within the constraints of \bounded rationality" (Janis & Mann, 1977; Simon,1969, 1982; Kahneman, Slovic, & Tversky, 1982).This decision model proceeds from a utilitarian principles that presuppose a preference func-tion to select actions to maximize some preferred values. Much like the scienti�c style of67For details of their model, see (Davis, 1987 10-17; Davis et al., 1986: 10-30).



34 4 MODELS USING ARTIFICIAL LANGUAGESneo-classical economics, the unrealistic assumptions are gradually relaxed to achieve suc-cessively closer approximations to the real world. Notions such as \bounded rationality"(Simon, 1969) relax assumptions about decision-making based on perfect information andunlimited computational resources. Incorporation of additional situational constraints on thedecision process further relax utilitarian assumptions. These include introduction of com-peting interests with di�erential capabilities as well as the structure of command, control,and information 
ow, bureaucratic politics and organizational cybernetics.Although the system incorporates a full complement of standard decision the-ories, there remains no adequate account for the role history in a decisionmaker's interpreta-tion of a situation and selection of appropriate actions. Naturally, learning modalities suchas concept induction, analogy, and metaphor cannot be considered without �rst acceptinghistory as an important component in decision. The RAND researchers note the importanceof learning (Davis, et al., 1986: 92-97) but model it as changing assumptions | an unrealis-tic construal for learning by metaphor which gives new signi�cances to old terms or learningby analogy which employs a familiar functional relationships in new contexts or conceptinduction which creates classi�cational categories. Aligning themselves with Schank,68 theyclaim that no general theories of learning exist. This is almost true in regard to Yale schoolexcept for some work on analogy based on causal relations (Schank, 1982; Burstein, 1986)and some work on concept induction (Lebowitz, 1986) but certainly not true in regard toother approaches that do not rely on semantic universalism, e.g., Winston (1984) or Minsky(1987). The additional learning strategies possible in lexicalist representations arise becauseof the presence of an informal level of representation (Winograd & Flores, 1986; Mallery,Hurwitz, Du�y, 1987).Job and Johnson (1986) present a preliminary report on the development ofUNCLESAM, a rule-based simulation of U.S. decision-making regarding the Dominican Re-public between 1961 and 1965. They aim to develop a general decision-making model thatreproduces the chain of assessments and decisions observed in U.S. policy on the basis ofincremental information about events in the Carribbean. But they report on their �rstcase-speci�c e�ort. Data for the simulation were acquired by having a specialist on Cen-tral America extract 250-300 reports between 1959 and 1965 from the New York Times.These reports were then translated into event statements according to a \political actionlanguage." Their system converts event statements into \quasi-English" statements whichare processed by the simulated decisionmaker. Once events are input to the system, they areassessed according to their context-speci�c policy relevance. Assessment may change valuesfor attributes associated with actors and relationships. If policy goals are a�ected, a \report"is issued that states the signi�cant changes. Based on the policy posture toward the coun-try, modeled as a set of rules, an internal or external action may be selected and executed.While the system can record �xed attributes for a situation, its representation system is notyet sophisticated enough to recognize analogies or explore counterfactual consequences ofalternate actions. The results they report are based on 38 event inputs that were processedby 10 \algorithms" for assessment of political stability, and 3 policy postures, apparentlycomprised by 10 rules. The authors note that their model fails to incorporate delays foracting on knowledge and that such delays played an important role in the historical case.Donald Sylvan (1987a, 1987b) presents a model of congressional decision-68This is correct; they are grounded in a semantic universalism because token signi�cance, ergo interpre-tation, is invariant across belief systems. See section 6.1.2.



4.3 Knowledge-Based Systems 35making regarding expenditures for research and development in the energy sector.69 Themodel represents at an individual cognitive level one \modal" and two other representativemembers of the U.S. Congress as each address a hypothetical energy research and develop-ment funding bill. A central assumption of the theory expressed in the model is that problemsolving by congressmen in the energy arena is directed by short-term considerations such asreelection, not alienating constituents, and their general public image rather than long-termissues such as the eventual cost of energy to consumers and national security. These moti-vations are re
ected in the simulated congressmen. A binary decision logic, reminiscent ofcognitive consistency, is to determine how the simulated congressmen vote. By simulatingthe intentional inferencing of congressmen for a speci�c issue area (di�erent logics may applyfor other issue areas), Sylvan's model predicts lower expenditures than would be predictedby optimization models based on economic rationality. From his empirical research, Sylvanconcludes that his model provides a superior account of congressional decision-making thanalternatives based on economic rationality precisely because he is able to capture some ofthe intentional aspects of decision. Sylvan and his colleagues are now turning to modelingJapanese foreign policy decision-making in the energy sector (Bobrow, Sylvan, Ripley, 1986;Sylvan, Ripely, Bobrow, 1986).4.3.2 General Foreign Policy Decision-MakingIn contrast to the RAND system's grounding in conventional decision theory, Me�ord's(1986b) system approaches the foreign-policy decision process from the perspective precedent-based reasoning.70 Me�ord's idea is to provide decisionmakers, or foreign policy researchers,with a database of precedents and allow them to build hypergames for particular decisionsituations. The hypergame approach yields, in e�ect, a decision tree of actions available foreach actor as perceived from each actor's perspective. A key assumption underlying the ap-proach is that contingency plans can only be generated by mechanisms based in analogy, orprecedent logics (see section 4.4). Since this class of reasoning can produce spurious results,an evidential reasoning module weeds out spurious precedents. The system's evidential mod-ule reasoning (Me�ord, 1986c) uses \models of evidence,"71 hierarchical Bayesian analysis,and hierarchical Dempster-Schafer to justify the plausibility of speci�c scenarios. Games ofpartial information can be generated by varying the partitioning of the database.4.3.3 Legal Decision-MakingDespite some early work in international law and AI (Alker, 1971), no subsequent work hasdeveloped knowledge-based systems for international law and international legal decision-making. However, there is considerable interest in developing legal reasoning systems forconstrained areas of domestic law.72 Most AI applications law have treated well-established69The model is simulated by a procedural formulation in LISP. Sylvan (1987b) includes a copy of the LISPcode implementing the model.70This expert system shell runs in PROLOG in an Interlisp environment on Xerox LISP machines.71Me�ord attributes this to Martin, 1986 but provides no citation.72Conferences on AI and Law began to appear in the mid-1980s. The First International Conference onArti�cial Intelligence and Law took place at Northeastern University in May, 1987. It was sponsored byNortheastern's Center for Law and Computer Science.



36 4 MODELS USING ARTIFICIAL LANGUAGESarea such as assault and battery (Meldman, 1975, 1977), corporate taxation (McCarthy,1977; McCarthy, Sridharan & Sangster, 1979), product liability (Waterman & Peterson,1981), contract law (Gardner, 1984). In contrast, Grunbaum (1986) reports on a systemthat predicts Supreme Court decision-making for discrimination cases by modeling steps ofthe legal argument.73 Grunbaum argues that legal reasoning is suited for expert systemsimulation because decisions are essentially binary in nature and because most, but not all,reasoning is explicated for each individual case. The system uses a decision tree based on37 rules and 41 conditions to determine the constitutionality of a case. A user provides acharacterization of the case by providing answers to a series of yes-no English questions, andthe system reports a decision or its inability to do so for reasons of overbreadth or vagueness.The knowledge base is divided into categories and rules. Careful attention is paid to ruleprecedence, the order in which rules are applied. The system can identify critical rules thatswing a decision di�erent ways. It also weighs evidence according to a certainty systembased on fuzzy logic and an ability to detect contradictions. Based on theoretical argumentand simulation runs, Grunbaum concludes that legal reasoning, speci�cally supreme courtdecision-making, can be modeled by predicate calculus. He feels that the computationalapproach helps identify the core logical steps leading to decisions.4.3.4 Decision-Making in Political-Economic DevelopmentPhillips and Ensign (1982) model governmental decision-making in the context of political-economic development in less developed countries. They develop sets of decision rules tosimulate several \ideal-type" decision-makers. They characterize the decision-makers withseveral combinations of three economic strategies (externally reliant growth, autarkic or\self-reliant" growth, and neo-classical policies) and four political development strategies(political development based on a modernizing elite, social transformation from rural agri-culture to urbanized industry, social integration, and reassertion of traditional religious orcultural values). Their method employs a rule-based system originally designed for symbolicsimulations of causality in physical mechanisms (Reiger, 1975, 1976). In addition to relationsof instantaneous cause, continuous cause, and causal enablement, Reiger's simulator distin-guishes structural relationships between states of equivalence, inhibition, and enablement.Inhibition and enablement relations between states are used when the intervening causalrelations are unknown but some empirical relationships are observed. After expressing theirdecision-makers and specifying initial conditions for the hypothetical countries accordingto Reiger's descriptive system, Phillips and Ensign tested the responses of their idealizeddecision-makers to stimuli such as poor agriculture performance as well as a combination ofgrowth and political instability. They found that modernizing strategies faced the greatestpolitical instability while traditionalist strategies faced little instability when confronted byeconomic or political disruptions.Ensign (1985a) extends earlier research with Phillips on decision-making fordevelopment. She revises the decision rules in terms of four economic strategies (primaryspecialization, balanced growth, industrial specialization, and balanced autarky) and threepolitical strategies (political development, socio-economic transformation, and social inte-gration). After building twelve theoretical strategies, she constructs country speci�c modelsfor Sri Lanka, Brazil, and Korea. In the Sri Lankan case, decision-models for the party inpower and the opposition were tested for reactions to increased foreign direct investment73The system is implemented in a commercially available version of PROLOG.



4.3 Knowledge-Based Systems 37and domestic political instability. She found that foreign direct investment produced morepolitical strife than other sources of political instability.Ensign (1985b), again employing the Reiger causal modeling techniques, modeled74the decision-making of international bankers to determine credit worthiness of underdevel-oped countries. The simulation was based on data from the early 1970s for six major U.S.banks. Based on interviews with top executives, Ensign identi�ed a \conservative" lendingstrategy followed by Chase Manhattan, Morgan Guaranty, and Manufacturers Hanover andan \aggressive" lending strategy followed by Citibank, Bankers Trust, and Bank of America.The \conservative" strategy was more concerned with political risk than the \aggressive"strategy which was primarily concerned with economic risk. But, the two strategies con-verged in 1977 to form a merged strategy concerned with both political and economic risk.After constructing decision models for assessing credit worthiness during the 1972 through1974 period, Ensign ran simulations replicating the domestic and international economicenvironment facing the bankers. She found that, for the entire period, the merged strategypredicted lending behavior better than either the conservative or aggressive strategies.More recently, Ensign (1986) proposes developing educational rule-based sys-tems that allow experimentation with di�erent decision criteria within a simulated politicaleconomic environment. The substantive domains to be modeled are international trade and�nance in their relation to economic development and the international political economy ofpoverty and hunger. By capturing domain expertise about the causal structure of problemareas in a simulation, students may examine the structure and trace justi�cations back tothe literature or they may experiment by varying the problem-solving strategies of actors asa form of counter-factual analysis. The inspectibility of the simulation allows students to �llspeci�c de�cits in their knowledge. The ability to modify strategies of di�erent actors aredeemed an important pedagogical tool because it encourages counter-factual thinking.4.3.5 Functional and Teleological SimulationsMe�ord (1985) uses PROLOG to model the universe of debate and decision about the resortto force of arms. This work uses accounts from Thucydides' history of the Peloponesianwars. The paper argues that logic programming provides a means for systematic and repro-ducible models of argument and debate. Me�ord (1986d) recasts Morton Kaplan's \balanceof power" as a rule-based system, and shows the logical gaps in Kaplan's verbal theorythat are left for human readers to �ll. The rigor of his PROLOG implementation allowedMe�ord to identify and �ll the gaps in Kaplan's theory. Me�ord thus illustrates how com-putational simulations expose the incomplete coverage found even in verbal theories thatemploy systems-theoretic methodologies to gain completeness.Focusing on the internal dynamics of societies within Wallerstein's (1974, 1980)world system perspective, Banerjee (1986a) models the reproduction of social structuresusing Piaget as theoretical orientation and PROLOG as a computational tool. Buildingfrom Piagetian schemata (1977), Banerjee devises social action schemata. Social actionschemata represent the interpretations and preferred actions of social actors in situations.In a simulation, each actor uses its schemata to select actions on the basis of prediction oftheir consequences and the likely responses by other actors. Banerjee applies the method in74This research was originally reported in Ensign (1982).



38 4 MODELS USING ARTIFICIAL LANGUAGESsimulations of Skocpol's (1979) analysis of China's sociopolitical structure in the 1930s, andsubsequently, O'Donnell's (1973) analysis of bureaucratic-authoritarianism in Latin Americaduring the 1960s. The conclusions of this work are that Piaget's action schemata providea building block for Geertz's (1973) notion of culture and that AI, PROLOG in this case,provides tools for proof by simulation. Substantively, Banerjee �nds that the simulationsupports Skocpol's and O'Donnell's analysis of social reproduction. Even if these claims areoverly strong, they suggest an interesting line of research.In a subsequent model intended to provide a structural-reproductive alterna-tive to rational choice approaches from economics, Banerjee (1986b) simulates the selection,retention, and abandonment of techniques by �rms seeking a competitive advantage. Morerecently, Banerjee (1986c) applied his method to simulating US and Soviet foreign policydecision-making in the early Cold War period. Approximating a hermeneutic approach,Banerjee models the USSR and the US separately. This allows each country to have dif-ferent beliefs and interpretations of \objective" reality, represented by a separate model ofexogenous events and actions by the actors. A means-ends type of reasoning is performed byeach unitary actor in order to select actions achieving to actor goals. Di�erential perceptions(Jervis, 1976) arise as di�erent beliefs about other actors and about the causal structure ofthe world are applied to interpret the signi�cance of actions by others and to foresee the con-sequences of actions. Although simple, the simulation demonstrates, according to Banerjee,that the pattern of failures and mistakes in the history of the early Cold War is (re-)producedby the beliefs of the superpowers.4.4 Precedent Logics for Decision-MakingInternational relations scholars (Alker, 1970, 1971; Alker & Greenberg, 1971; Alker & Chris-tensen, 1972) discovered precedent logics in the late 1960s. Alker and his students at M.I.T.invented precedent logics as ways to model decision-making, learning, and adaptation byinternational organizations. Their idea was that organizations and individuals solve prob-lems by selecting past situations most closely resembling present situations, and applyingthe prescriptions of the past to the present. They also noted that precedent logics providean account of learning in so far as they explain the salience of precedents over time andtheir recombination into composites. A related information retrieval system, CASCON, wasindependently developed at M.I.T. by Bloom�eld and Beattie (1971). CASCON retrievedretrospectively coded crisis descriptions that were \similar" to a present crisis. AlthoughCASCON's search algorithms resembled Alker's, the systems had fundamentally di�erentorientations. CASCON arose from crisis gaming (Bloom�eld & Gearin, 1969) and was con-ceived as a decision-support tool to provide policy-makers or analysts with relevant historicalprecedents. In contrast, Alker's precedential reasoning models were intended to actually sim-ulate problem-solving.An important side e�ect of this \precedent logic" approach is an implemen-tation of Ludwig Wittgenstein's (1953) concept of \seeing-as." The seeing, or perception,of the situation is prestructured as it is found similar to previous situations and as pastprecedents are called forth to interpret it. This prestructuring is a propensity to understandin a particular way rather than some other plausible way. It sets the stage, almost pre-consciously, for interpretation. In the international relations literature, May (1973), Jervis,(1976), George (1979), Gilovich (1981), and Me�ord (1986a) discuss the prestructuring of



4.4 Precedent Logics for Decision-Making 39the present by focal elements of the past. An important property of precedent logics forthe individual, the organization, and the modeler is that they provide criteria for ignoringirrelevant information and focusing on the core structure of decisions, the precedentiallygrounded abstractions spanning multiple situations. While they provide foci for individualsand organizations, precedents suggest the inferential core that strategic simpli�cation mustretain in plausible models. Thus, precedent logics promise a felicitous account of the centralaspects of social decision-making in both theory and simulation.Under the in
uence of Newell and Simon's ideas of generalized problem solvers,Alker and his students originally brought forth the idea of precedent logics to model organiza-tional problem-solving. Interestingly, SOAR, the GPS of the 1980s, incorporate an importantprecedential component in its \chunking" mechanism (see section 4.1). Some AI researcherstake as an article of faith the premise that human reasoning is grounded in precedents oranalogies (Winston, 1984; Minsky, 1987). The underlying reason for this convergence is thatmost AI researchers have recognized the computational di�culty of solving any non-trivialproblem, and especially, solving it repeatedly. The intractability of GPS (see section 4.1) andnon-linear conjunctive planning (see section 6.1.4) serves as an illustration. Recall, however,that organization theory draws signi�cantly from GPS, as can be seen in the argumentsof Simon and others about \bounded rationality," \satis�cing," and \muddling through"(Simon, 1957, 1969, 1982; Lindbloom, 1959, 1965). Thus, Bloom�eld and Alker with theircolleagues would seem to be rewriting organization theory according to a computationallymore e�ective theory based on precedents.In summary, precedent-based explanations of decision-making are an impor-tant theoretical development because:� They a�ord a history to role in decision;� They provide an account of learning;� They explain decision prestructuring;� They reduce the information required for a model;� They provide a computationally tractable account of problem solving.Although important cumulative progress has been made, no de�nitive theoryof the role of precedents in decision-making or individual cognition exists as yet. Furtheradvances depend on better AI models of natural-language processing, semantic representa-tion, and precedent-based reasoning as well as a thorough theoretical formulation in light ofoperational AI systems.The CASCON project (Bloom�eld & Beattie, 1971; Bloom�eld, 1986) is a twodecade e�ort to develop a computer system for retrieval of international con
ict or crisissituations on the basis of identifying features derived from crisis histories. CASCON aimsto provide an \institutional" memory and to aid imagination of a con
ict analyst. Sinceforeign-policy decision-makers could retrieve cases similar to a current crisis, this \institu-tional memory" helps the analyst see the crisis in the light of historical precedents which aresimilar according to some analytical dimensions although perhaps not all. The underlying



40 4 MODELS USING ARTIFICIAL LANGUAGESassumption is that lessons of the past provide a guide for contemporary decisions. By com-paring historical crises with a current crisis, a con
ict analyst can suggest possible futures,identify information gaps, and propose collecting missing facts to �ll in an emerging picture.The CASCON III database contains over 50 cases coded for more than 500 variables providedby experts with di�erent perspectives. The retrieval mechanism uses statistical matching onthe variables to retrieve narrative preces of the essential facts for cases. The system hasfound application in government, crisis gaming simulations (Bloom�eld & Leiss, 1969), andinternational relations research (Choucri, 1974). It represents one of the earlier computa-tional applications of case-based or precedential reasoning in international relations. In thiswork, the \reasoning" is done primarily by a human with computer support for retrievingcases. Recent work on CASCON aims to deliver a personal computer version of the systemfor analytic uses in government and academia.Alker and Christensen (1972) describe research with William Greenberg be-tween 1969 and 1971 that led to the development of the PRECEDENT program.75 Theiraim is to formulate theories about UN peacekeeping e�orts in the postwar period. Thestudy recounts the authors' transition from an initial methodological orientation based in\causal modeling" grounded in multivariate statistics to a new arti�cial intelligence approach.Their new arti�cial intelligence approach is theoretically informed by Herbert Simon's sym-bolic problem-solving and practically grounded in a precedent-based understanding of UNdecision-making. After reviewing the limitations of advanced statistical methods, they ex-plain their notion of precedent and detail the operation of their program. By precedent,they mean \rules for accumulating experience in an action predisposing way" (Alker &Christensen, 1972: 194).76 The role of precedents in the model gradually evolves from apartnership with multivariate equations incorporating precedent variables to an essentiallysymbolic model using feature matching for precedent retrieval. The key research questionsabout UN decision-making become how precedents are determined and how precedents arechanged by unsuccessful applications. They develop the dynamic notion of precedent evolu-tion in which an initial stock of precedents (the 1945 UN Charter) is modi�ed incrementallyby the addition of new precedents from successful peacekeeping cases and by the extinctionof existing precedents as they fail in new situations. This \one-shot" learning and forgetting,or selection and retention, is an evolutionary decision model. Alker and Christensen �nd thatthe norms contained in the UN Charter and expectations engendered by historical case sim-ilarity are important for explaining UN decision-making in peacekeeping e�orts during thepostwar period. They also suggest that, to the extent that precedent-based models captureevolution in individual precedents and the underlying norms, they provide a means to modelstructural transformations in decision-making regimes.Alker and Greenberg (1971, 1976) extend the Alker-Christensen UN peace-keeping model. Their aim is to ascertain the e�ect of the Cold War on successful con
ictresolution by simulating learning in UN peacekeeping e�orts between 1945 and 1965. Anevolutionary precedent logic uses an \operational UN Charter," that is updated by learning,to select both con
ict cases amenable to UN peacekeeping e�orts and courses of action topromote peace. The operational charter begins as the initial 1945 charter but is modi�ed ac-cording to the success or failure of con
ict-resolution precedents as they are applied to cases.75The program is written in PL-1.76Their notion of precedent emerged primarily from interactions with Lincoln Bloom�eld and his CASCONco-workers at M.I.T. as well as Philip Stone other scholars working on \concept attainment" at Harvard.The use of precedents by Alker and Christensen, however, drops the human analyst out of the picture andframes the problem as modeling organizational decision-making on the basis of precedents.



4.4 Precedent Logics for Decision-Making 41The success of con
ict-resolution actions in cases is determined by probabilistic equationsderived from historical data. Unsuccessful precedents are \forgotten" from the operationalcharter according to an exponential decay rate of 1.33, which means they are dropped fromthe charter typically within several failures. \New" precedents are added to the operationalcharter by cross-classi�cational mappings, mapping a precedent from one con
ict category toa case in another con
ict category. The accumulation of new precedents (the rate of learning)in the operational charter, therefore, depends on the amount of generalization performed bythe matching process that retrieves precedents.77The matcher matches feature-vectors describing con
ict cases. It selects can-didate precedents on the basis of a minimum number of importance-ordered, mandatoryfeatures (either 2, 3, or 4) shared between the case and the precedent. Candidates are thenordered according to their past success. Only when ties remain does the number of additionalfeatures e�ect closeness of match.The pattern of learning and forgetting in this evolutionary precedent logiccauses the operational charter (the current stock of precedents) to generalize the applica-tion of successful precedents to con
ict cases in which they continue to succeed and to dropprecedents from application to cases in which they fail. Thus, the operational charter evolvestoward success cases and away from failure cases. The \1965 operational charter" was derivedin an initial simulation of UN con
ict resolution e�orts between 1945 and 1965. Observingthat con
icts involving Cold War issues accounted for a large number of UN peacekeepingfailures because the superpowers vetoed UN e�orts, Alker and Greenberg ran another sim-ulation of the 1945 to 1965 period to learn a \maximalist" operational charter by assumingsecurity council agreement on cease�re plans. In subsequent runs, Alker and Greenberg reranthe past, performed counterfactual simulations for the postwar period using the 1965 oper-ational charter and the \maximalist" operational charter. They also constructed a futurecon
ict scenario on the basis of the con
ict history for the postwar period. For the counter-factual simulation of the past, they found that the 1965 operational charter performed betterthan the \minimalist" charter, the record, and that the \maximalist" performed better thanthe 1965 operational charter. The same relationship held for the 1965 and the \maximal-ist" charters in their future projection. Thus, a conclusion is that Cold War disagreementshampered the e�ectiveness of the UN's con
ict resolution but that the UN became betterat con
ict resolution on the basis of adaptive learning.Bennett and Alker (1977) report on their extensive multi-level regional simu-lation of the War of the Paci�c, a 19th century regional con
ict in South America.78 Thesimulation cumulatively incorporates many methodological ideas from earlier precedentialand dynamic models. Although they recognize and stress recombination and evolution ofprecedents as a model of learning, the major aim is to model goal-seeking behavior of coun-tries with a regional subsystem. Dynamic equations represent the international economictransactions at regional and global levels of aggregation, the international strati�cation ofactors, and relationships of dependence and interdependence. Thus, the dynamic equationsprovide both the environment and the stimuli that actors respond to by formulating goals ac-77Interestingly, Alker and Greenberg formulate precedent learning as a combination of inductive general-ization to make cases match and deduction to project the peacekeeping action from the historical case tothe present situation or some future or counterfactual past.78Implemented in PL-1, the simulation contains over 100 procedures, over half of which implement theactor decision components. Circular lists provide a simple but CD-like representation. Bennett (1978)provide details of the implementation.



42 4 MODELS USING ARTIFICIAL LANGUAGEScording to gaps between their aspirations and their achievements. Actors may interact alongmultiple dimensions with each other and pursue rich multi-game strategies. Precedent-baseddecision-making represents problem-solving of actors as they attempt to attain their goalswithin this regional environment. The sources for precedents are not just the actors' ownhistorical experiences but also the examples of others (imitation). Drawing on organiza-tion theory (Cyert & March, 1963), Bennet and Alker reject the unitary actor assumption;they model actors' internal structure with a central decision-maker supervising lower-levelsubordinates. The subordinates carry out speci�c decision tasks under the constraints oftheir assigned resources. Each decision unit context-sensitively applies an evolutionary andrecombinant precedent logic to strategies drawn from international relations theory and thehistorical case. To investigate di�erent precedent retrieval strategies (di�erent generaliza-tion heuristics), Bennett and Alker varied the precedent search strategies to identify the beststrategies for each actor, assuming a speci�c international system. They �nd that outcomeswere in
uenced signi�cantly more by the set of precedents from which actors seeks to realizeself-proposed goals than by whether the actor seeks to equalize strati�cational ranks, avoidsecurity vulnerability, or realize successive increases in status. Although precedent codingstrongly in
uences �nal outcomes { and domain expertise is essential for accurate coding{ the self-structuring of the simulation (actors proposing goals and solving them) producessystem-level structural transformations as a function of slight di�erences in initial memory.As part of a consolidation and proposal for further research, Alker, Bennett,and Me�ord (1980) review and assess key ideas from e�orts to apply precedent logics devel-oped since Bloom�eld's early CASCON work. They characterize the core of internationalrelations as collective insecurity dilemmas, in which multiple countries or actors seek securitythrough con
icting strategies. They further assume that these dilemmas involve contractionsbetween short-term individual goals and long-term collective goals. Since the actors are in-terdependent in the longer term, they must therefore employ \re
ective logics" to reasonabout the beliefs and intentions of other actors in order to empathize, negotiate, and achievethe collective long-term goals despite the obstacles of the short-term term. Transcendingshort-term goals is con
ict resolution. According to their experience, sequential prisoner'sdilemma (SPD) games largely parallel both the experimental literature on interpersonal con-
ict dilemmas and real-world international con
icts. In order to develop precedential theoryof breakpoints leading to thematic shifts in SPD, such as cooperation and defection lock-ins,they wish to turn more systematically to arti�cial intelligence techniques. They considermodels of history-based learning in collective insecurity dilemmas necessary for cumulativescienti�c study of con
ict behavior. The task they set for AI is to apply precedent logicsdeveloped earlier to representing narrative, textual accounts of this kind of re
ective under-standing. By explicit representation of the cognitive processing, with particular attention tomoral (Kohlberg, 1969), ego (Loevinger, 1976), and cognitive (Piaget, 1972, 1977) develop-ment, they hope to generate realistic psychological models for experiment data from SPDgame play. They also discuss ideas for improving their earlier organization-level models andexplain the need for similar AI methods there. The general conclusion is that better modelsof memory, retrieval and problem-solving are required for further progress in precedent-logicsmodels of individual and collective action.Tanaka (1981, 1984) reports on CHINA WATCHER79, a computer model ofChinese foreign-policy decision-making in the post World War II period that brings togetherelements from cognitive consistency, cognitive mapping, and precedent logics. Tanaka models79CHINA WATCHER was implemented procedurally in FORTRAN. The data set of con
ict cases wascompiled by Consolidated Analysis Centers, Inc. (CACI, 1979) under the sponsorship of DARPA.



4.4 Precedent Logics for Decision-Making 43decision using an Alker-Christensen-Greenberg precedent logic (Alker & Christensen, 1972;Alker & Greenberg, 1971, 1976). When presented with a new event, CHINA WATCHERinterpretes it based on \cognitive consistency" (Abelson & Rosenberg, 1958; Alker, 1979a),updates a world map accordingly, and selects an appropriate response based on a precedentlogic. Arguing that Chinese leaders are inclined to divide the world into friends and enemies,Tanaka considers the four valued Abelson-Rosenberg symbolic psychologic (friend, enemy,ambivalent, indi�erent) a good approximation. Current actions of countries are interpretedas friendly, hostile, ambivalent or indi�erent. Six transformation functions update the worldmap, mapping classi�cations for countries from old ones to new ones on the basis of theircurrent actions. These transformation procedures apply only to countries whose actions di-rectly e�ect China. CHINA WATCHER implements \cognitive balance" (Heider, 1946) orequilibrating propagation of a�ect because other countries are classi�ed indirectly accordingto their relationship to these \front line" countries. By comparing current con
ict cases toun�nished cases, context routines attempt to situate present actions as phases of ongoingepisodes. But, the simulation's major component is a featured-based similarity matcher thatretrieves historical precedents used to determine Chinese responses to current events. Afterreviewing earlier matching schemes, Tanaka proposes matching criteria that require essentialimportant features of the current con
ict to match the precedent and utilizes preferences onother features to order successful precedents.80 Learning in the implementation follows Alkerand Christensen (1972) closely; the historical success or non-success (failure) of a precedente�ects its possibility of future selection. Speci�cally, unsuccessful precedents are \forgotten"using a yearly exponential decay while successful precedents are reinforced. For cases inwhich no precedents are retrieved, two fall-back strategies exist. First, if the case has beenidenti�ed as a phase in a ongoing episode and the episode's con
ict type is known, thenCHINA WATCHER employs an inertia-escalation logic, based on the type of episode, todetermine Chinese actions. Otherwise, CHINA WATCHER uses an \operational code" sys-tem (George, 1969), analogous to the Alker-Christensen-Greenberg \operational charter" fortheir UN model.81 Tanaka reports that for 383 con
ict cases CHINA WATCHER predictedoutcomes with a 60 percent success rate for physical involvement in con
icts and 82 percentfor verbal statements. An important aspect of CHINA WATCHER is derivation of prece-dent chains leading up to speci�c actions. He concludes that the representation of knowledgerequires improvement, perhaps along the lines of conceptual dependency. Further, Tanakabelieves that precedent-logics require further conceptual clari�cation. He suggests that simi-larity measures could be improved along lines found in Winston's (1977, 1980) computationalmodels of analogy.Me�ord (1984, 1986a) reports on a program that draws historical analogiesto determine responses of the Soviet Union to crises in Eastern Europe, speci�cally theCzechoslovakian crisis of 1968. The program matches histories against cases to assemblecomposite precedents representing courses of action leading from the present into the fu-ture. After evaluating the cost and bene�ts of each path, the system prints an analysis andjusti�cation for the best response. To escape case speci�city, Me�ord constructs a codinglanguage, containing a vocabulary for describing events and a classi�cation hierarchy forlinking terms in the language to other terms, events, and actors.82 Since cases are repre-80Each of the 383 cases are coded for features derived from 32 descriptor categories.81This decision strategy assumes that precedent histories are accumulated and reduced to practice instandard operating procedures for the organization.82In in the appendices of an earlier version of the paper, Me�ord (1984) provides a taxonomy of actionsby actor as well as the narratives and codings for the 1956 Hungarian Crisis and the 1968 CzechoslovakianCrisis.



44 4 MODELS USING ARTIFICIAL LANGUAGESsented as feature vectors, string matching provides the technology for retrieving precedents.To address partial matches, Me�ord incorporates Levenstein metrics (Fu, 1982: 246-275),a general measure of distance between feature vectors based on the number of insertions,deletions, and substitutions required to transform one to the other. To address the problemof misaligned feature vectors, Me�ord incorporates techniques based on syntactic patternmatching, speci�cally error-correcting parsers (Fu, 1982). Casting the modeling task as aform of problem solving, Me�ord interprets the program's operation as generating the prob-lem space on the basis of composite analogies. This problem space is then searched for thebest solution. His program, like some critics of Soviet policy, �nds a strategy which is betterthan the historical Soviet invasion of Czechoslovakia in 1968 because it achieves the samepolitical objectives with half as many Soviet troops.83Schrodt (1984a, 1985, 1986, 1987) reports on two programs that predict short-term foreign policy outcome by applying a precedent logic approach to international eventsdata, including World Events Interaction Survey (WEIS) and Azar's (1982) Con
ict andPeace Data Bank (COPDAB).84 Schrodt de�nes set prediction as the ability to predict theimmediate consequences of a political event and argues that humans experts perform itusing analogy or precedents. Like his predecessors, Schrodt maintains that the success ofa policy precedent reinforces its selectability. Schrodt discusses four general methods forfeature matching:� Levenstein metrics (Fu, 1982: 246-275) are a general measure of distance betweenfeature vectors based on the number of insertions, deletions, and substitutions requiredto transform one to another other (Schrodt, 1984, 1985, 1987);� Syntactic pattern recognition techniques (Fu, 1974) for recognizing combinationsof features according to feature grammars (Schrodt, 1984, 1987);� Holland classi�ers85 (Holland, 1975, 1986), a so-called \genetic algorithm" thatlearns through simulated \evolution" to classify objects by selecting \successful" fea-ture detectors and combinations of feature detectors for recognizing grammars (Schrodt,1986, 1987).86 The goal of the model is to predict discrete set of events for 20 days, fol-lowing a randomly chosen date, based on the previous 40 days. Working with COPDABdata with 15 feature codings, Schrodt uses the US/UK, US/France, US/West Germanycases because a large number of interactions are required to train the classi�er. Schrodt(1986) �nds that the Holland classi�er achieves a performance level of about 95 percentof a mathematically optimized estimator.8783Carbonell noted a similar problem with his analogy-based problem solver: It solved problems in acognitively implausible but e�ective way. He was unsure if this was good or bad. J. Carbonell, talk on\Derivational Analogy," Analogica-85, Rutgers University, November, 1985.84Schrodt admirably advertises his willingness to supply interested scholars with copies of his programs.85The Holland classi�er was implemented in UCSD Pascal on an Apple II microcomputer. It involvesabout 700 lines of code, two thirds of which deals with the classi�er itself. Practically all runs used 32 rulesin order to speed execution time { which was slow.86As Holland notes, (1975: 49-53), genetic algorithms are similar to Markov chains with transformationprobabilities that change as a function of history.87Axelrod (1984, 1986) has also used \genetic learning" techniques to model con
ict and cooperation.Although the methodology \genetic algorithms" fall within an earlier branch of arti�cial intelligence research,



4.4 Precedent Logics for Decision-Making 45� \Connectionist learning" approaches learn, after exposure to a su�ciently longtraining set, to recognize patterns by minimizing entropy given a prespeci�ed energyfunction (Schrodt, 1987).88Like earlier work in precedent logics, Schrodt focuses on feature vector matching. But unlikeearlier work, Schrodt sacri�ces detailed models of decision processes for general methodssuitable for shallower applications to large datasets.Following up on the 1980 discussion of SPD by Alker, Bennett, and Me�ord,Alker (1985; Alker, Du�y, & Mallery, 1985) sketches a research programme for SPD stress-ing qualitative models of narrative with speci�c attention to modeling argument, debate anddramaturgical self-presentation. Precedent logics, e�cient precedent retrieval, and felicitoussemantic representation �gure prominently. This paradigmatic statement presages the com-putational modeling of SPD narratives (Hurwitz, Mallery, Alker, & Du�y, 1986; Mallery,Hurwitz, et al., 1986) using the RELATUS Natural Language System89 (Du�y & Mallery,1986). Thus far, approximately 100 hundred pages of narrative protocols for SPD gameplay have been syntactically parsed, semantically represented, and analyzed. The resultingrepresentation is referentially integrated (co-referring terms are merged). It captures therelation structure of subject and object that is expressed in natural language sentences. Thequestion of cognitively plausible representations of belief and intention has received attention(Mallery, 1987b) because of its striking salience in the strategic thinking found in SPD pro-tocols. The kind of precedential reasoning found in previous precedent-based models is onlynow becoming operational in RELATUS. Mallery and Hurwitz (1987) discuss the applicationof precedent-based reasoning in RELATUS to foreign-policy decision-making.The RELATUS system represents an important departure from previous prece-their application in this work do not fall within computational politics. The reason is that the learning thatthese system incorporate is inherently non-symbolic. It depends on random mutation or \blind variation"(Axelrod, 1986: 1097, 1099) rather than cognitive processes). The non-symbolic nature of the enterprisefollows from the formulation of the problem within a utilitarian framework. This non-symbolic orientationis reinforced by a methodology with low relevance for symbolic problem-solving. Indeed, the great leap fromthe simple account of genetics to conclusions about normative processes in political cognition is weak fromthe standpoints of a social science and computation. Contemporary biology tells us that \genetic learningalogrithms" are far simpler than the phenomena the purport to model. Modern cognitive science tells usthat once a computational device as power as the human brain contains many emergent properties such asnormative or deontic reasoning and that they are not directly coded in genetics. To claim a genetic basis fornormative behavior is a line of social biological reasoning that has more relevance for ideology than politicalor cognitive science. The various emergent levels required to move from genetics to deontic reasoning meanthat any mapping from genetics to deontic reasoning in the phenotype must be underdetermined were itto exist at all. Not the least of the problems is the mapping from cultural terms for relevant norms tobrain or genetic locations that can in
uence reasoning. Thus, common sense suggests the burden of neuro-physiological proof should fall with those arguing practicality. In more recent work, Axelrod (1987) hasintroduced a 3 move memory to his system. This new system, which still retains the Markov-like featuresof the \genetic algorithm" found a superior strategy to \tit for tat" (namely, initial defection followed byeither continuing defection against cooperators or \tit for tat" against defectors). But, Axelrod (1987) hadnot yet recognized the crucial role of memory in these models but should report on this soon.88Because these approaches are so computationally di�cult, special-purpose hardware, for example, theBoltzmann Machine (Hinton, Sejnowski, & Ackley, 1984; Ackley, Hinton, & Sejnowski, 1985), is beingdeveloped to run connectionist programs.89Section 5.3.1 further discusses RELATUS.



46 4 MODELS USING ARTIFICIAL LANGUAGESdent models in political science in terms of the approach to matching. All the earlier systemsused some form of feature vectors and string matching techniques. Following along the pathbroken by Winston's analogy work (1980; 1984), RELATUS uses a new graph matching tech-nique based on declarative constraints and graph traversals (Mallery, 1987a). Matching inboth RELATUS and Winston's system is based on relational graphs. This di�er from stringmatching of feature vectors because the terms matched can be linked by speci�c relations,or speci�c graph traversals. In other words, string matchers match �xed sequences of termsbut not relations among the terms. Moreover, the signi�cance of terms in a RELATUS orin a Winston binary-relation graph90 is a function of their relational embedding rather thanjust the type of the term (a symbol). Thus, the signi�cant representational di�erence is that�xed-length feature vectors cannot e�ectively represent relational structure while binary-relation graphs can. While binary relation graphs are arbitrarily expressive, �xed-lengthfeature vectors are fundamentally limited in expressive power. Matchers for each formalismare similarly expressive or inexpressive. One major consequence following from relationalgraphs is that RELATUS style matchers can be used to construct referentially integratedsemantic representations from syntactically-analyzed natural language input91 whereas fea-ture vector matchers have no hope of accomplishing this task.92 In terms of representationand matching, the RELATUS approach to precedent logics marks a fundamental departurefrom earlier techniques because it has the expressive power to represent and match semanticstructures derived from natural language texts.9390These graphs are a special kind semantic network comprised of labeled binary relations, also knownas ternary relations. The signi�cant di�erence between the Winston graphs and the RELATUS graphs isthat in RELATUS graphs the bidirectionality of relations is more fully exploited. The Winston system usedrelations, during matching of two situations, to generate both the relational subject and the relational object.RELATUS uses the bidirectionally of relations to get from the object of a relation to its subject. In fact,it is this bidirectional interpretation that allows the RELATUS reference system to achieve e�ciency whileretaining completeness (Mallery, 1987a).91This is not true for contemporary Winston-style matchers; they are not intended to solve this prob-lem. Those matchers achieve e�ciency at the expense of completeness and they do not process declarativeconstraints | which could describe a syntactic parse. Completeness is lost when matches are �ltered forimportance criteria, such as causal links. Thus, the RELATUS matching system represents an improve-ment over the earlier Winston-style matchers, primarily, because it achieves e�ciency without sacri�cingcompleteness and it processes an extensible set of declarative constraints describing graph structures.92Stan�ll and Waltz (Stan�ll & Waltz, 1986) have developed some experimental algorithms based onmassive parallelism for performing precedential reasoning building from an underlying keyword search mech-anism. This approach, however, is essentially statistical in nature and involves parallel feature vector match-ing. It therefore inherits the standard expressive limitation of the feature vector approach. Following fromthis limitation, it does not construct a felicitous semantic representation from narrative cases by performinga structural analysis of the text, involving syntactic analysis and referential integration.93The graph structure matching used in the Winston and RELATUS matchers is also more powerful thanRete pattern matching used in OPS5 (Brown, et al., 1985) and uni�cation (Stickel, 1985) precisely becausethey are full graph matchers rather than term matchers. While Rete pattern matching can use tokensdenoting frames in a frame representation, it cannot represent the connections between frames other thanaccording to slot or relation types. This is, in e�ect, the same class of matching performed by uni�cationwhich can match literals and variables as they appear in predicate formulae. Neither can capture the instancesof predicates or slot relations. To do so would make them graph matchers. Thus, while Rete matching anduni�cation are more powerful than feature vector matching because they can handle variable length featurevectors, they are not as powerful as full graph matching.



475 Models Using Natural Language5.1 Content Analysis5.1.1 Standard Computerized Content AnalysisContent-analytic techniques94 (Lasswell, Leites, et al., 1949; Lasswell, Lerner, & Pool, 1952;Pool, 1959; Stone et al., 1966; Hays, 1969; Krippendor�, 1980; Weber, 1985; Namenwirth& Weber, 1986) have succeeded in certain macrosociological applications where general so-ciopolitical value orientations are the research focus (e.g., Namenwirth, 1973; Weber, 1978),and in practical political applications, where the research orientation is discovery of �fthcolumnists or an enemy's intentions (Lasswell, Leites, et al., 1949). Content analysis deploysa sophisticated form of keyword search to �nd the frequencies and correlations of interest-ing words. Word frequency is considered to re
ect salience, and in turn, importance for aspeaker. Word senses are disambiguated according to word co-occurrences. Standard contentanalysis programs neither analyze syntactic structures nor construct referentially-integratedsemantic representations. But this weakness is also a strength, because it avoids the greattechnical di�culties required for computer understanding of unrestricted texts. For this rea-son, content analytical techniques could bene�t from recent advances in parallel computers.Massive parallelism makes possible the application of standard computerized content anal-ysis to very large unrestricted corpora and the performance of even more complex analyseswith far greater rapidity than possible on serial computers.955.1.2 Semantic Content AnalysisWhile standard content-analytic techniques can provide information regarding the kinds ofvalue orientations expressed in particular textual corpora, it cannot provide informationabout the direction of value orientations (Du�y, 1987: 21-40). The source of this short-coming is the absence of a referentially-integrated semantic representation { something thatmassively parallel hardware will not �x. And, for political texts, this is of critical importance.Since understanding of natural language text by computers is AI-complete,96 its full solutionmay be quite distant. Nevertheless, the technology is advancing and content analysis basedon referentially integrated representations is now becoming possible. An early demonstration94Holsti (1968), Krippendor� (1980), and Weber (1985) provide overviews of content analysis.95Massively parallel computers, such as the Connection Machine (Hillis, 1986), have been applied to simplekeyword search tasks. The results are startling. 200 megabytes of text can be searched in 200 milliseconds!However, it takes 2 minutes to load the machine readable text from serial storage devices into the connectionmachine's 64,000 independent processors. This bottleneck will be removed from the next version. Thiswork is described by Stan�ll and Kahle (1986). An obvious extension of this work is to replicate standardcomputerized content analysis using this fast new parallel architecture. Of course, parallelismwill not in itselfeliminate the problems for content analysis that arise from the absence of a structure analysis of sentencesand a referentially integrated semantic representation.96By analogy to NP-completeness in complexity theory, \AI-complete" is a term, �rst coined by Fanya S.Montalvo, to indicate that the di�culty of a computational problem is equivalent to solving the central AIproblem, i.e. making computers as intelligent as people.



48 5 MODELS USING NATURAL LANGUAGEof semantic content analysis has been shown, beginning with natural-language protocols ofsequential prisoner's dilemma games (Mallery, Hurwitz, Alker, Du�y, 1986; Mallery, 1987b).Although the English text must conform, at present, to a highly restricted \literal andexplicit" form, the RELATUS system has been used to analyze over one hundred pagesof protocols. The natural-language processing model embodied in RELATUS is presentlymoving from single-sense to multi-sense processing (Mallery, 1987b). A lexical classi�cationsystem (Mallery, 1987b) identi�es semantic representations of lexical items (words) corre-sponding to conceptual categories developed in advance by an analyst. The analyst canextract (or label) all occurrences of a conceptual category in a referentially integrated rep-resentation derived natural-language texts. The analyst can also construct taxonomies ofcategories and associate each category with a set of lexical-semantic constraints that pick itout. The semantic constraints include the various lexical items that may express the conceptand constraints on relationships to other elements in the semantic representation. A lexiconof lexical categories contains the taxonomic links between a category and its specializationsand generalizations. This allows categories to be di�erentiated as �nely as required for lexi-cal recognition while maintaining the taxonomic relationships between categories, and thus,enabling an analyst to identify categories with large varieties of lexical-semantic realizations.The existing lexical classi�cation system, and an earlier version, have been used to locategame-relevant statements concerning belief, intention, and causal attributions in a study ofthe patterns leading to transitions between phases of defection and cooperation (Mallery,Hurwitz, Alker, Du�y, 1986; Hurwitz, Mallery, Alker, Du�y, 1987).975.1.3 Non-Computational Content AnalysisAs natural-language processing technology advances, ideas from manual and computer-assisted content analyses can be incorporated into computerized semantic (pragmatic) con-tent analysis systems. These \softer" kinds of content analysis range from approaches basedon literary criticism through argument analysis to cognitive mapping and cognitive consis-tency a�ect graphs. In fact, growing numbers of political scientists are publishing work witheither theoretical or practical relevance for semantic content analysis or cognitive modelsbuilding from natural language.The relationship of language to politics is becoming ever clearer to the politi-cal science community (Dallmayr, 1984; Shapiro, 1984). While hermeneutic studies (White,1986) and deconstructivist literary analysis (Alker & Sylvan, 1986) have become quite fash-ionable at professional meetings, they are undoubtedly a response to the important role oflanguage in societies, and the central problem of interpretation.98 Indeed, language is thefundamental communicative tools that makes social organization possible. The ability toorganize social action in turn gives rise to political power, which �gures so centrally in theself-description of political science (Lasswell & Leites, 1949; Lasswell, Lerner, & Pool, 1952).Some computational models of argument are beginning to emerge (Cohen,1983, 1987a, 1987b; Alvorado, Dyer, Flowers, 1985; Alvorado, Dyer, Flowers, 1986; Ashley& Rissland, 1986, 1987; Rissland & Ashley, 1987). Except for Cohen (1983, 1987a, 1987b),this work is grounded in semantic universalism, and although it often illustrates interesting97Section 5.3.1 further discusses RELATUS.98Shapiro (1988) applies deconstructionist techniques to lay bare the political content found in visualrepresentations such as photographs or advertising.



5.2 Semantic Universalist Approaches 49ideas, even the strongest e�orts seem to lack the generality required for broad application.It is therefore not surprising that argument analyses relevant to international relations andforeign-policy decision-making remain largely precomputational. A few examples will il-lustrate this genre. Alker (1980) proposed partial formalization of Thucydides account ofthe Melian Dialogue using a dialectical logic of argumentation (Rescher, 1977). Devereux(1985a) shows that the formalism for argument analysis of Toulmin (1964), Birnbaum,99 andRescher (1977) are equivalent, develops a convergent procedure for graphing debates whichhe applies to the Lincoln-Douglas Debates. Devereux (1985b) manually applies his argumentgraphing technique to a narrative protocol game play in a sequential prisoner's dilemma.100Karapin & Dixon (1985) provide an rigorous characterization of arguments concerning de-terrence based on argument graphs. The interpretation of the initial natural language andcoding it according to the formalism is a potential source of bias introduced by the analyst.Bennett (1987) investigates empirical debates concerning SDI, using both computationally-informed and pre-computational approaches to argument, e.g., (Eemeren & Grootendorst,1984). Bennett concludes that analysis by computers is unlikely due to the high degree ofvagueness exhibited in actual SDI arguments. Although the interpretive neutrality of thismapping may be doubtful, advances in natural language processing may provide a meansfor manipulating representations of arguments and debates in substantially more complexand rigorous ways. That argument and debate �gure so prominently in international pol-itics (e.g., international law, negotiation, ideological competition, and policy formulation)suggests a fertile area for AI applications.Onuf (1985) deploys concepts from ordinary language philosophy to attack thepositivist view of international law and to advance an explanation of how international legalnorms emerge from practice. Onuf understands legal norms as a form of \rule governedbehavior." Drawing from Searle (1969) and Habermas (1981), Onuf erects an analyticalframework that classi�es rules in terms of three categories of speech acts: assertives, direc-tives, and commissives. Onuf notes that certain tropes, speci�cally metaphor (assertives),metonymy (directives), and synecdoches (commissives) correspond to the possible �ts of aspeech act to the world. He argues that historical practices (customs) yield internationallaws as legal discourse about the speech acts associated with the practices expedites theiracceptance as precedents to be cited in matters of principle, claims to rights, and justi�cationof conduct. In more recent work, Onuf (1987) incorporates Piagetian developmentalism andKohlberg's position on moral development to explain how culturally-mediated normativesystems are transmitted, control social interactions, and justify distributions of rewards.5.2 Semantic Universalist ApproachesCognitive modeling approaches re
ect the realization that symbolic-structural models of nat-ural language processing and interpretation must move beyond super�cial correlational beliefattributions (Alker, 1975, 1979a). Thus, the other descendant of \cognitive consistency" pur-sued a natural language processing approach (Abelson & Carroll, 1965; Abelson & Reich,99Devereux notes that his presentation of Birnbaum's theory is based on several chapters from an uncom-pleted Ph.D. thesis. However, some indication of McGuire's approach may be found in (Flowers, McGuire,& Birnbaum, 1982).100These protocols are the same ones developed by the M.I.T. group during the 1980s and computationallyanalyzed using the relatus system. See the discussion in section 5.3.1.



50 5 MODELS USING NATURAL LANGUAGE1969; Abelson, 1973; Alker, 1975; Schank & Abelson, 1977; Carbonell, 1978; Abelson, 1979;Carbonell, 1981b; Kolodner, 1980, 1983a, 1983b; Schank, 1982; Dyer, 1983) grounded in aspeci�c version of semantic universalismwhich they called \conceptual dependency" (Schank,1972). Semantic universalism refers to those semantic theories that seek to capture commonmeanings through reduction to a set of putatively universal semantic primitives.101 WhileKatz and Fodor (1963) proposed an early and widely-read theory of semantic universalism,the computer scientist Schank and the political psychologist Abelson (Schank & Abelson,1977) reduced this general approach to a speci�c computational practice.102 They proposeda speci�c set of 16 primitives (which was later expanded to 64 and more) for which theyclaimed cognitive plausibility. Composite representations are constructed by combining se-mantic primitives. Stereotypical characterizations of situations, or scripts, provide \slots" forthe various events, actions, objects, and relationships for constrained domains. The restau-rant script, for example, describes the process of eating at restaurant, including sitting down,reviewing the menu, selecting items, ordering, and so forth. Understanding a text about arestaurant, then, involves reducing surface word forms to CD primitives and �tting them intoslots of an active script. This kind of \expectation-driven" or top-down understanding whenconjoined with semantic primitives �nds its natural complement in discrimination networkmodels of perception (Kolodner, 1980, 1983a, 1983b; Simon & Feigenbaum, 1984). Like theprimitives, Schank and Abelson have made universalist claims for scripts. Indeed, the CDapproach has been tentatively applied to semantic translation between languages (Lytinen,1984). Because of the universalist claims for speci�c primitives, scripts, and other knowledge-speci�c constructs, the CD approach is neo-platonist. Work within the CD paradigm or the\Yale school" of natural language processing has spread quite widely and today constitutesthe major semantic universalist research tradition in computational linguistics.Carbonell's \Politics" program (1978, 1981b), which represents an update ofAbelson's \Goldwater machine," simulated ideological debate between a conservative, mod-eled on Barry Goldwater, and a liberal. Carbonell's thesis is that subjective understanding,or di�erential interpretation, arises from the presence of di�erent motivational priorities,modeled as a goal tree, operating on a common set of factual knowledge structures usinguniversal inference mechanisms. Since ideological thinking exhibits great individual vari-ation, Carbonell selected it as a testbed for this thesis. Goals channel understanding byfocusing attention on aspects of a situation e�ecting the understander most directly, i.e.,personally. In this way, goals call forth inferences to analyze consequences of events withthe greatest personal a�ect. Then, these interpretations are remembered. Subjective under-standing arises as understanders draw di�erent interpretations because they focus on howevents e�ect them personally and defocus the e�ects on others. A corollary of this thesis isthat understanders know this, and therefore, understand other agents as understanding asa function of their own goals. But, di�erent actors may attribute di�erent goals to otheragents because they each focus on the elements that e�ect them most. According to thisview, intersubjectivity can be modeled by a mechanism that simulates the planning andcounterplanning (Carbonell, 1981a, 1981b).103 This view of understanding individuals isalso applied to aggregations such as institutions and countries. Carbonell's thesis (1981b)contains a discussion of the TRIAD module which models social power relations and con
ictsituations. By holding the semantic coding invariant (inherent in CD), \politics" illustrates101See Wilks (1987) for an overview of primitives in AI.102Scripts are a version of Minsky's (1975) notion of stereotypical \frames" for understanding but di�er inthe choice of primitives.103In his strong emphasis on planning, Carbonell combines a conceptual dependency approach to naturallanguage processing with a the information processing emphasis on planning and problem solving.



5.2 Semantic Universalist Approaches 51the centrality of teleology in understanding.Other politically relevant research has been done in the Yale tradition. The\Cyrus" program answered questions on the whereabouts of Secretary of State Cyrus Vancebased on newspaper articles which it read into a CD representation. Another line of CDresearch investigates argument and debate. Flowers, Ringle, and Birnbaum (1982) report ona theory and a partial implementation that treats the role of personal attacks in adversaryarguments with special reference to the Arab-Israeli case. More recently, the UCLA groupreports e�orts to use CD to model the argument structure of politico-economic newspapereditorials (Alvorado, Dyer, Flowers, 1985; Alvorado, Dyer, Flowers, 1986). Even if thesetexts are domain speci�c, they raise many of the problems of understanding unrestrictedtexts, including deliberative references (Mallery, 1987a), deictic representations, and di�culttropes such as metaphor.For various technical reasons, these programs from the \Yale school" have notbeen scaled up beyond hand-crafted microworlds nor produced cognitively felicitous represen-tations. One major reason is that since top-down processing requires extensive backgroundknowledge already coded in pre-existing datastructures, the range of application is limitedby the amount of background knowledge available to a system. Systems constructed withinthe CD approach have relied on text-speci�c deep semantic understanding provided by theimplementors, e.g. (Dyer, 1983). Reliance on domain-speci�c knowledge and processingstrategies have limited the volume of text handled by these systems. In the absence ofadequate cognitive theories with su�ciently broad scope, the desire for high levels of per-formance leads into the trap of ad hoc implementation and limited generality or completecase-speci�city.104 In cases where free text from newspapers is analyzed, a preprocessor �l-ters out articles outside the domain, passing articles in the domain through to the semanticparser. The system then does the best it can; memory organization strategies descendedfrom scripts pick out whatever features they recognize. Further processing proceeds basedthe various slots in the scripts. Since the rate and cumulativity of knowledge codings by pro-grammers control the amount of background knowledge available, CD is a natural languagecounterpart of knowledge intensive and domain-speci�c expert systems.The cognitive plausibility of the CD approach is also suspect. Reduction tosemantic primitives is generally considered cognitively implausible (Fodor et al., 1980). Thediscrimination network model of perception also faces signi�cant anomalies (Barsalou &Bower, 1984). Propositional attitudes, and related opaque constructs, also pose very se-rious problems for natural language approaches that reduce surface semantic structures tosemantic primitives, such as CD (Mallery, 1987b).105 Ontologically speaking, CD depends onmeanings being a function of external reference (Perry & Barwise, 1983), yielding a strong de-pendence on the correspondence theory of truth, wherein the truth of a proposition depends104However, intensive study of narrow domains and attempts to model cognitive processes considerablybeyond the available theoretical analysis can be a useful means of identifying and cumulating some knowledgeabout the problems involved insofar as the actual cognitive processes are independent of earlier undiscoveredlevels. If they depend on earlier undiscovered cognitive processes, the exercise becomes essentially descriptive.105Speci�cally, reduction to primitives is a form of substitution of equals during the perceptual process,a discrimination-net based mapping into the semantic representation, which means that referential opacitymust be detected prior to representation in ad hoc structures. This prevents converting referential opacityto inferential opacity and using standard inferential techniques for the approach (within the standard rep-resentational format) to determine the e�ects of opacity on inferences. Section 6.1.3 discusses referentialopacity.



52 5 MODELS USING NATURAL LANGUAGEon its correspondence to reality. This is, however, quite problematic for the social scientistinterested precisely in modeling the di�erential perceptions of actors. A further di�cultyis the synchronic nature of the theory. Because it is clear that languages (and interpreta-tions using languages) evolve historically, a viable theory of language must explain linguisticinnovation and evolution. Metaphor provides the main vehicle for semantic innovation iden-ti�ed thus far (Ricoeur, 1973). But, the assumption of literalism in language, a necessaryconsequence of a theory of meaning that �nds equivalent meanings through reduction toprimitives, precludes the non-literalism inherent in metaphor (Mallery & Du�y, 1987). Theinability to coherently account for metaphor and referential opacity deals a serious blow toCD's claims for cognitive plausibility.5.3 Lexicalist ApproachesThere are various lexicalist approaches to syntactic analysis. Although most remain the-oretical, some computational implementations have been done. However, the concern ofthese computational linguistics is typically with syntax and they often ignore semantic rep-resentation. The only existing lexicalist approach known to this author that builds domain-independent referentially-integrated semantic models of su�cient scale for credible socialscienti�c uses is the RELATUS system.106 In lieu of other credible lexicalist implemen-tations that use referentially-integrated semantic representation in international relationsapplications, the discussion will be limited to the RELATUS system.1075.3.1 Lexical-Interpretive SemanticsLexical-interpretive semantics is an approach to natural-language semantics that constructssemantic representations from canonical grammatical relations and the original lexical items.108It incorporates a new theory of semantic perception { the process of mapping from a syn-tactic representation into a semantic representation { based on constraint posting (Mallery& Du�y, 1987). According to lexical-interpretive semantics, semantic representations arecanonicalized only syntactically, not semantically or pragmatically. Instead of relying onstatic equivalences determined in advance, lexical-interpretive semantics requires meaningequivalences to be determined at their time of use, reference time. This requirement is metby the concept of a meaning congruence class, the set of syntactically-normalized semanticrepresentations conforming to the linguistic experience of speci�c language users and satisfy-ing their utterance-speci�c intentions. Lexical-interpretive semantics di�ers from approachesrelying on semantic universals because meaning equivalences are determined dynamically atreference time for speci�c language users with individual histories rather than statically inadvance for an idealized language user with a general but unspeci�c background knowledge.In principle, lexical-interpretive semantics can avoid the distorting pitfalls in-curred by exclusive reliance on a static analysis of meaning equivalence precisely because it106The author is most interested in any counter-examples.107It follows from the absence of competing lexicalist implementations in AI that AI models in internationalrelations and foreign-policy decision-making have been semantic universalist in their implementation.108The approach �nds support in the available experimental psycholinguistic evidence (Fodor, et al., 1980;Gentner & Landers, 1985).



5.3 Lexicalist Approaches 53can select equivalences from synonym or paraphrase congruence classes determined on thebasis of dynamically changing, intentional contexts of language use. The major assumptionunderlying lexical-interpretive semantics is that meaning equivalences arise because alterna-tive lexical realizations accomplish su�ciently similar speaker goals to allow substitution. Apractical argument for dynamically determining meaning congruences is the intractabilityof a su�ciently detailed and nuanced static analysis that could capture subtle di�erencesin speaker goals. This follows from the need to predict in advance all potential utterancesituations and combinations of language-user e�ective-histories. 109 Although semanticcanonicalization based on a general \semantic and pragmatic competence" renders staticanalyses of in�nite language-user combinations tractable by �at, it also reduces nuances sodramatically that intentional analysis and individual linguistic histories play a drasticallydiminished role. Thus, semantic canonicalization eliminates the need for e�ective history indetermining an individual's word sense inductions and their application to recovering thespeaker goals motivating speci�c choices of diction.Lexical-interpretive semantics is hermeneutic because it emphasizes interpre-tation based on the individual e�ective-history of language users and the speci�c intentionalstructure of communicative situations. This is accomplished by actually representing thelinguistic histories of individuals. By virtue of its emphasis on innovation in language andpolysemy, lexical-interpretive semantics is perhaps most closely aligned with the phenomeno-logical hermeneutics of Ricoeur (1975). Interpretation builds from an eidetic level of represen-tation. The eidetic level of representation is a picture-like representation that is syntacticallynormalized but semantically variegated. The determination of meaning congruence classesbecomes an early level of a more general and open-ended hermeneutic interpretation. Thishermeneutic theory of meaning �nds meaning through constructive classi�cations based onthe experience of the interpreter rather than decomposition into atomic units (primitives).This theory is implemented, up to the level of eidetic representation, in theRELATUS Natural Language System,110 and research on subsequent levels is in progress. Inthe present system, syntactic analyses of sentences yield parse graphs. These are convertedto declarative constraints and passed to a graph matcher that merges them into a seman-tic memory representing the beliefs of a single believer. In the process of merging sentencedescriptions into memory, existing representations are found and new representations are cre-ated for new sentential objects. This process of intersentential reference yields a referentiallyintegrated semantic representation that can be used for various kinds of analyses.The main application of RELATUS to date is semantic content analysis of se-quential prisoner's dilemma (SPD) games protocols and real-world con
ict narratives drawnfrom Butterworth (1974). The hypothesis under investigation is that SPD players rely moreon normative models of legitimate social interactions than on \rational" optimization strate-gies. Various papers discuss representing and analyzing over 150 pages of narrative protocolsfor game play in SPD games (Alker 1985; Alker, Du�y, & Mallery, 1985; Hurwitz, Mallery,109A language user's e�ective history is his personal experience including the cultural and linguistic tradi-tions inherited according to his position in society.110The RELATUS Natural Language System is implemented by about 250 �les, each containing around1000 lines of LISP code each, and runs on Symbolics 3600 class Lisp machines. While the syntactic parser,the lexicon, and related utilities were designed and implemented by Du�y, the remainder of the system(including the representation, reference system, sentential constraint poster, question answering system, andeditor mode) was designed and implemented by Mallery. Mallery (1987c) provides a more technical overviewof the implementation than (Du�y & Mallery, 1986).



54 6 EVALUATING COMPUTATIONAL MODELSAlker & Du�y, 1986; Mallery, Hurwitz, Alker, Du�y, 1986; Mallery, 1987b). The protocoldata originally was acquired from a series of experiments conducted by Alker and his gradu-ate students at M.I.T. during the late 1970s and early 1980s (Alker & Hurwitz, 1980; Alker &Tanaka 1981). These experiments were signi�cant because in additional to the standard be-havioral traces they collected narratives accounts of undergraduates playing SPD. Followingthe earlier work of Emsho� and Acko� (1970), SPD players wrote accounts of their interpre-tations of the game play both during and after the games. Thus, the represented protocolscontain narrative accounts of game play augmented by natural language statements of playerexpectations and player beliefs about the course of play. A set of SPD extensions to the RE-LATUS editor mode provide an interface to an analysis package that performs an analysis ofrepresented protocols according to phases of cooperation and defection. Another tool in thepackage shows phases of expectations. Other facilities allow an analyst to extract the beliefs,intentions, and causal attributions of players by phase. Studying linguistic expressions ofnorms, beliefs, and intentions demands a modeling technique capable of representing beliefs,and more generally, propositional attitudes. The RELATUS approach provides a new wayof formalizing belief that is more consistent with common-sense reasoning by people thanformalistic accounts of belief (Mallery, 1987b).This protocol analysis is part of new analysis of sequential prisoner's dilemmathat requires natural language modeling to demonstrate its arguments because it focuses onthe interpretive and re
ective aspects of play. A lexicalist/hermeneutic approach is requiredto test the hypothesis that the normative models and interpretive systems of players di�erand to investigate the di�erences. Semantic universalist approaches would be unsuited tothis modeling task because they would impose the category system of the analyst. Thus,this research represents the earliest results achieved in game-theoretic international relationsthrough computational modeling of text. Continuing research on these protocols aims toinduce archetypical normative models, �t normative models to players, and ascertain therole of precedent-based reasoning in game decisions.6 Evaluating Computational ModelsAlthough a literature of computational politics exists and continues to grow, there is noevaluative literature to distinguish sound models from spurious ones. This section adducesmethodological concerns to guide model building and to warn against potential pitfalls. Thespeci�c issues discussed are:� Various ways in which the felicitous representation of phenomena can be compromised;� Assessment of decision models;� Learning from the success or failure of models;� Ways to reports results that improve scienti�c cumulation;� Issues in determining the reliability and validity of models.There is no attempt to apply these standards to existing work because computational pol-itics has not yet advanced far enough to o�er models with much practical use. It is better



6.1 Representational Felicity 55to encourage more research in the �eld to stimulate discussion before assessing its ability toactually model political phenomena. Nevertheless, work on evaluative criteria is importantbecause it sensitizes researchers to the methodological issues that their models need to ad-dress. It also provides desiderata for determining the wisdom of promoting speci�c AI modelsfor use in demonstrating scienti�c hypotheses or in critical foreign-policy applications.Ideally, computational models should �t some facets of reality. But, precisecorrespondence to the empirical world is not the only reason for pursuing computationalmodels of politics. The discipline of formulating a model requires the researcher to makespeci�c commitments to a theory explaining the structure and function of components piecedtogether into a dynamic representation of the phenomena. This process alone, independentof the performance of the model, can help clarify and re�ne theories about the phenomena.Once operational, the model may not function well enough for predictive purposes; yet it maystill yield heuristic insights into the motive structure of the phenomena. Political gaming(Guetzkow, et al., 1963; Bloom�eld & Gearin, 1969; Bloom�eld, Gearin, & Foster, 1970;Bloom�eld, 1982: 193-221), for example, does not pretend to simulate reality in every detailin order to provide valid insights and expose previously unrecognized issues. Similarly, somesymbolic modeling e�orts may succeed insofar as they expose previously unnoticed aspects offoreign-policy processes. The general point, then, is not to introduce positivistic criteria forjudging scienti�c merit but rather to o�er a set of considerations that help guide researcherstoward better modeling practices. But the contrary should hold for AI applications to criticalareas of national defense: Stringent standards of performance can minimize the chances ofcatastrophic failures.6.1 Representational FelicityRepresentational felicity in symbolic models is analogous to speci�cation error in multivariatestatistics. When the modeling problem is mispeci�ed, the results are spurious. Character-izing felicitous speci�cation is more involved and di�cult for symbolic modeling because ofthe open-ended nature of the undertaking. This section attempts to identify various waysrepresentational felicity can be compromised, but it is not exhaustive. Many of the felicityconcerns discussed in this section, particularly the coding and meaning problems, constitutea revision of the operational assumptions of traditional content analysis and more generallypolitical science.6.1.1 The Coding ProblemThe coding problem111 arises when natural language statements must be converted into atarget formal language or representation system by a human coder or a natural language sys-tem. Since formal languages, such as logic and even rule systems, are designed to representsingle meanings unambiguously, the human coder must commit to a similarly narrow andprecise interpretation of the original natural language. This practice raises a major di�culty;a single interpretation may not capture the signi�cances attributed by di�erent political ac-tors or the same political actors under di�erent situational circumstances. Interpretation111An earlier version of this discussion appears in (Du�y & Mallery, 1986.



56 6 EVALUATING COMPUTATIONAL MODELSdepends critically upon the situation and the knowledge of the interpreter (Mallery, Hur-witz, Du�y, 1987). Thus, in the coding process, the naive coder brings his own experience,categories, and knowledge to bear in the interpretation, rather than those of political agentor agents who are the object of the modeling e�ort.This dilemma is rei�ed by approaches which rely upon �xed-�eld codings forfeatures (feature vectors112) and natural language paradigms that reduces meaning to combi-nations of �xed primitives.113 The representational formalisms of these approaches (featurevectors and primitives) inherently reify the categories because they provide no mechanismsfor representing alternative category systems. The modeler must �rst select a single set offeatures or primitives, and then, proceed to encode the data accordingly. One way to side-step the limitations of these mechanisms is to use di�erent features or di�erent primitivesfor each actor modeled.To avoid the coding problem the social scientist needs to reconstruct the inter-pretive processes of political actors. First, phenomenal or raw data must be collected. Next,the interpretive processes of the political actors must be simulated, either automaticallyusing a natural language system or manually using the social scientist's empathic under-standing (George, 1959; Gadamer, 1960). In short, the coding problem may be avoided bymaking explicit the process of coding of data and by critically assessing the interpretationsthe coding process imputes to each political actor.6.1.2 The Meaning ProblemThe meaning problem114 is related to the coding problem but concerns the nature and useof a representation rather than the preparation of textual data. There are two componentsto the problem: the nature of the representational formalism and the interpretive operationsthat it supports. It is known that the meaning of an utterance depends on the goal a speakerwishes to accomplish and the context in which it is uttered, in short, the intentional context(Appelt, 1985). Speakers may use 
outing, metaphors or other pragmatic devices to maketheir points (Levinson, 1983). What they mean must therefore be determined dynamicallyaccording to the intentional context of the discourse. Another aspect of meaning depends onconnotations of speci�c lexical items within a language. Speakers may chose speci�c words,rather than other words with equivalent dictionary de�nitions, because they wish to exploitthe connotations of the chosen words.These considerations about meaning are grave problems for reductionist orsemantic universalist approaches to meaning representation, such as semantic universalism,rule systems or other formalist encodings, because they:� perform static meaning analyses;112See the discussion of the di�erences between feature vector matching and structural matching in section4.4.113See the discussion of semantic universalism in section 5.2114Mallery and Du�y (1987) provide an extended discussion of the the meaning problem and include anumber of examples. An earlier version of this discussion appears in (Du�y & Mallery, 1986) and is itselfbased on earlier drafts of (Mallery & Du�y, 1987).



6.1 Representational Felicity 57� cannot support reinterpretation (because interpretation is done on encoding) accordingto di�erent intentional contexts, practical situations, or presuppositional histories;115� impose a single category system due to their ahistoricity;� lose connotation as they dispense with the original lexical items� assume a literalist theory of language that precludes interpretation of metaphor (andother tropes), and thus, eliminates the main source of semantic innovation.Although a committed formalist might reply that all possible combinationscould be encoded, there is clearly no hope for redeeming reductionism in this way. Even if allpossible combinations could be coded, their exhaustive identi�cation is clearly impossible.116The great empirical variability in human nature, individual backgrounds, organizational cul-tures, the sheer numbers of individuals and organizations, languages, cultures, and historico-technico epochs rules out the possibility of successful reductionist strategies. Of course, thereare areas of \sparseness" (Minsky, 1985), such as descriptions of physical locations and phys-ical actions, which tend to produce wide agreement across socio-linguistic variations. Here,the reductionist approach might seem to represent adequately. However, the introductionof social or political organization instantly shatters this meaning consensus. Thus, the onlygood representation is a semantic graph that retains the original lexical items, supportsreinterpretation on the basis of constructivist classi�cation of utterances, and allows for thepossibility of metaphor interpretation.1176.1.3 The Opacity ProblemStrategic language is the linguistic expression of belief and intentions as they relate to theplan-based pursuit of goals (Mallery, 1987b). The di�erence stems from greater structural115To support reinterpretation, it is necessary to retain the original lexical items. But, retaining theoriginal lexical items is more parsimoniously accomplished by a lexical-constructivist approach. Note thatteleological focus operators in semantic universalist representations (e.g., Carbonell, 1981b) can producedi�erent problem-solving patterns and generalizations of interpretations but not fundamentally di�erentinterpretations.116After presenting his doctoral research on parsing into a conceptual dependency representation and ontranslating between �ve languages, a recent doctoral dissertation on machine translation explains the dif-�culty as follows: \Before we can design a foolproof natural language system which produces the correctrepresentation for a large class of texts, we must �rst know how to represent all of the di�erent sorts ofconceptual entities which the texts can be about" (Lytinen, 1984: 161).117The RELATUS system (Du�y & Mallery, 1986) is one e�ort along these lines. There are some otherlexicalist semantic network systems but as a rule their design criteria are not hermeneutically informed. It isimportant to note that this criteria does not necessarily rule out formal logic approaches to natural languageunderstanding. Logic approaches can be used to create informal representations and associated inferentialprocedures for it. But, logic approaches typically orient its adherents away from the task of devising informalrepresentations and weak inference methods. The general point is that any Turing equivalent formalism canbe used to construct a system with any desired properties. Criticisms of logic-based approaches should betempered by this caveat. Moreover, the meaning problem does not mean that rule systems and other earlierknowledge encodings are useless. Rather, it means that the social scientist must be aware of the importantlimitations and distorting propensities of these systems.



58 6 EVALUATING COMPUTATIONAL MODELScomplexity and its heavy reliance on linguistic constructions known as opaque contexts(sometimes also referred to as propositional attitudes or referential opacity/transparency).118Such linguistic constructions require suspension of the facticity of their contents and explicitdeliberation about their admissibility for inferential purposes. Typical examples includefuture or subjunctive verb tenses, belief statements, and a�ective expressions. The ability torepresent and accurately (with respect to some cognitive agent's \ideologic"119) is a centralissue for models of strategic action and planning.Based on the implementation in RELATUS, Mallery (1987b) explains thatfor a representation system to successfully handle opacity it needs to be intensional120 withreferential opacity the norm. This converts referential opacity121 to inferential opacity122because it makes the following conditions hold:� No Existential Generalization: Creation of a representational entity does not nec-essarily imply existential generalization (the existence of the corresponding entity inthe real world);� No Substitution of Equals: As new items are input to (perceived by) the represen-tation system, no substitution of equals is allowed.When these two conditions hold, it is possible to add new items to the representation withoutdetermining in advance if they involve opacity. This means that the normal inferentialmechanisms can draw on opaque representations but they must check the admissibility of theopaque propositions into the current belief context. If referential opacity were not convertedto inferential opacity in this way, it would be necessary to determine in advance the opacity ofitems to be represented using ad hoc, pre-representational datastructures and procedures.123The conclusions of this line of reasoning are:� Representational systems relying on substitution of equals or existential generaliza-tion at input time, e.g., semantic universalism, knowledge-based systems, and many118See Levinson (1983) for a general discussion from a linguistic viewpoint and Fawcett (1986) for a speci�cdiscussion of opaque constructs from a logic programming perspective.119An ideologic is, roughly, the collection non-standard inference rules that account for ideologically or\psycho-logically" distorted reasoning (Alker, 1979b).120An intensional representation contains objects that do not directly refer to the real world. Any suchcorrespondence needs to be established by inference. An extensional representation contains only objectsthat correspond to the real world. Thus, the ability to represent counterfactual objects and relations requiresan intensional representation.121Referential opacity is the situation in which a believer may know two di�erent terms but not knowthat they corefer. The standard example due to Frege is that of the morning star and the evening star.Unless a believer knows that they are both Venus, the believer does not know they are the same. Thus, notknowing they both refer to Venus makes their reference opaque. Mallery (1987b) provides further examples,discussion, and pointers to literature.122Instead of resolving the opacity during the reference process, it is resolved later by inferences to determinethe equality (identity) of di�erent denotational descriptions.123Of course, this is not a major problem for small cases in which everything is already handled with adhoc methods.



6.1 Representational Felicity 59logic-based approaches (but not the more sophisticated versions), face serious (perhapsinsurmountable) di�culties in representing the central components of strategic actionand inference;� Lexicalist semantic theories provide the only obvious means of representing strategicinference.Thus, referential opacity provides a powerful desiderata for determining the adequacy of AIrepresentations and inference methods for models of planning and counterplanning. Any sys-tem that purports reason about belief needs to explain how it handles referential opacity.1246.1.4 The Planning ProblemRecent results in complexity theory con�rm the intuitions underlying notions of \boundedrationality" (Simon, 1957, 1969, 1982) and \muddling through" (Lindbloom, 1959, 1965).These results suggest important complexity theoretic constraints on how people and orga-nizations plan and also how computers might model their planning behavior. The resultsare for a complete and general form of planning, known as non-linear conjunctive planning.Conjunctive planning is formulating a series of actions that when executed achieve severalgoals. Non-linear planning refers to plans that express dependencies between actions as par-tial orders, deferring commitment to a �nal execution order until all actions are speci�ed,that is, the plan is complete.Chapman (1985) proves that non-linear conjunctive planning belongs to theclass of np-complete algorithms, a class which is believed to be exponential and thereforecomputationally intractable.125 The main source of di�culty is the interaction of actions inways that defeat the goals they are intended to achieve. Determining in advance whetherone action defeats another goal is the primary source of computational intractability. An in-teresting but omitted point is that the source of di�culty is a version of the \frame problem"(McCarthy & Hayes, 1969), or determining whether the state of the world remains the sameacross observations and actions.126 Chapman also shows that planning is undecidable, i.e.,that it may be impossible to predict if a plan achieving the goals does or does not exist.127Since these results are for non-linear conjunctive planning, there may bedomain-speci�c planning strategies with better computational properties. The important124Mallery (1987b) provides a more detailed discussion of referential opacity and its implementation inRELATUS. An interesting consequence developed there, is that communication assumes referential trans-parency at its base. This argues that people understand other cognitive agents by projecting their self-modelsonto other, and then, they incrementally construct any deviations they impute to other agent. This is atestable psychological hypothesis.125If an algorithm requires exponential time to execute on a serial computer, it will require exponentialprocessors to execute on a parallel computer. Thus, the computational intractability of plan formationremains a problem even for the parallel cases of multiple individuals or multiple organizations.126For discussions of the frame problem as it has been formulated in AI see, McDermott (1982) and Shoham(1986). A standard interpretation of the \frame problem" is the temporal persistence of states of achieved byactions. Mallery, (1987b) discusses in greater detail the relationship of the \frame problem" to Chapman'sresult.127See section 6.5.1 for further discussion of undecidability and intractability.



60 6 EVALUATING COMPUTATIONAL MODELSpoint is that non-linear conjunctive planning provides an abstract and general characteriza-tion of the task with a precise complexity characterization. Of course, counterplanning, thesituation in which an agent formulates plans to thwart or assist the plans of other agents, ismore complex than planning without competitors. Moreover, the frame problem is very realand is not simply a problem of the temporal persistence of states of a�airs in the world; acompetitor may undo actions while an agent is doing something else.The results for planning are applicable to decision-making and problem-solving.The main conclusion for human and organizational problem-solving is that people must per-form these tasks using di�erent methods, probably grounded in common-sense reasoning.Massive parallelism in the human mind (multiplied by the size of an organization) can allowdomain speci�c strategies to be devised for each problem domain. Alternatively, memory-intensive strategies can obviate the need for much planning from �rst principles by allowingan agent to replay his own past solutions to problems (precedents) or to copy and adaptthe past solutions of other agents. Analogical transfer of solutions from di�erent domainsprovide another potential source of ready-made plans.Although Chapman's results may not be directly transferable to the methodsused by people and organizations, it seems reasonable to assume that they constitute a realconstraint on the planning methods actually used. The full range of implications for AImodels of organizational behavior may take some time to uncover. But, there are some clearimplications.� \Bounded rationality" is a provable constraint on problem-solving.� Humans and organizations cannot be assured or accused of producing in �nite timecorrect plans that achieve their goals. Complex domains increase the likelihood ofproducing incorrect plans.� Since humans and organizations cannot be certain of formulating e�ective plans at all,let alone in reasonable time, it is better to save time and increase con�dence in a plan'sworking correctly by recycling old plans (applying precedents) which have succeededin the past. Rederiving plans from �rst principles seems quite implausible.� Any domain-independent AI program attempting to model human and organizationalplanning will certainly face Chapman's result. Therefore, AI systems will performbetter if they �nesse the main di�culties of planning with precedent-based planning.� Large plans can be mademore tractable by decomposing them into smaller independentpieces whenever possible because formulating the plan is exponential in the length ofthe plan.128 Division of labor, or functional specialization, in societies, organizations,and the humanmind inherently performs such a decomposition, although independencemay not be guaranteed.129128Because interaction of plan components was the main source of computational intractability, increasingthe independence of plan components reduces the possible interactions, ergo, the computational di�culty.Reasoning from Chapman's complexity result, therefore, supports Simon's (1962) argument for the necessityof \near decomposibility" in complex systems.129Task decomposition, however, requires communication to coordinate the combination of smaller tasksinto larger collective actions. Language, or conversations, become an essential communicative medium foraction coordination. If conversations are required to formulate and execute social or organizational plans,felicitous modeling of such processes requires modeling the conversations.



6.1 Representational Felicity 61� Since the interaction of actions which might defeat goals is hard to predict, shortplans utilizing the environment as the domain representation can side-step the problemin practice.130 Although this strategy may be �ne for humans and organizations insituations amenable to incremental solutions, it is not helpful for modeling planning incomputational politics.Planning, or goal-directed behavior, is a key aspect of human cognition andorganizational problem-solving { even though it may not always be easily identi�ed by thenaive observer. For organization theory, as it has been formulated for foreign-policy decision-making, the intractability of formal planning introduces some di�culties in the speci�cexplanations of problem-solving but these di�culties seem like they can be addressed byprecedent logics. The consequences for each of the major organization theories are as follows:� Rational Actor Model: (Allison, 1971: 10-38; Steinbruner, 1974; 25-46) The rationalactor model assumes the possibility of optimizing decisions; but the undecidability ofnon-linear planning suggests an optimal solution may not be exist. Moreover, theexponential nature of planning suggests that the solutions selected will just \satis�ce."Of course, rational actor approaches typically rely on quantitative approaches, deemedcognitively implausible in section 3.1.4, which are not formally subject to Chapman'sresult. However, if their quantitative formalisms do not predict in ways similar tosymbolic ones (i.e., there is no counterpart to the planning problem in the formalism),then this may be another cognitive plausibility problem for the approach.� Organizational Process Model: The organizational process model (Allison, 1971:67-96), building from the organization theory (March & Simon, 1958; Cyert & March,1963; Crecine, 1969) inspired by the generalized problem-solver, avoids the di�cultiesof undecidability and intractability to the extent that organizational behavior is gov-erned by standard operating procedures (SOPs). However, the need to formulate newplans, i.e. devise new SOPs, brings out the planning problem.� Bureaucratic Politics Model: The bureaucratic politics model (Allison, 1971: 147-181) fares quite well because it emphasizes competing factions and the structure ofthe organization. However, to the extent that the units making decisions (individualsand factions) are considered to be maximizing their goals or interests. the modelcomes into doubt. Considering the decision-making elements to be responding to theirsubjective perceptions, or perhaps suboptimal formulation and pursuit of goals, handlesthe di�culties of the non-linear planning result. But this casts no light on the cognitiveprocesses at work and their aggregations in organizations without treating planningand bringing out the planning problem.� Cybernetic Model: Steinbruner (1974: 47-87) applies organizational cybernetics(Ashby, 1956; Beer, 1959, 1966, 1975; Deutsch, 1963) to foreign policy decision-making.131 A pure formulation of the cybernetic model does not treat planning per se130Brooks (1987) uses this strategy in his mobile robot project at the M.I.T. Arti�cial IntelligenceLaboratory.131Although Steinbruner makes some claims for a�nity with the general-problem solving approach, the pri-mary thrust of his theory is cybernetic because emphasizes control and communication rather than problemsolving. Steinbruner's claim notwithstanding, this makes Steinbruner's model a di�erent type of model fromAllison's organizational process model, which emphasizes goal-directed problem-solving.



62 6 EVALUATING COMPUTATIONAL MODELSbecause planning falls out of homeostatic maintenance: When an undesirable internalstate is registered by the organization, a appropriate action is selected to remove the un-desirable state and return to homeostasis. Because planning is not directly addressed,the planning problem has no direct consequence for the theory.132 The planning prob-lem does have relevance for a revised organizational theory incorporating cyberneticinsights: The planning problem is a modern complexity-theoretic result with greaterspeci�c relevance for problem-solving in organizations than Ashby's (1956) notion ofrequisite variety.The planning problem is considerably worse in strategic situations, where or-ganizational or individual planning depends on predicting the plans and counterplans ofother actors.133 Whether the relationship is adversarial or cooperative, the planning prob-lem arises recursively with each level of re
ection (\I will plan to ... because he is planningto ... because he thinks that I am planning to ..."). A case in point is the interdependenceproblematique (Cooper, 1968; Keohane & Nye, 1977): Planning to cooperate with interde-pendent countries is an instance of the strategic situation. Designing control strategies toattenuate dysfunctional consequences (e.g., 
uctuations in exchange rates) requires consid-eration of the decisions (planning) of individual corporations and countries as well as thesubdivisions whose debates yield policy and action outcomes for the collectivities to whichthey belong. Thus, the planning problem needs to inform not just theories of individual andorganizational problem-solving but also theories of strategic situations, involving multiplepolitical actors that make plans to cooperate or compete.A major use of AI models is to simulate planning, problem-solving or decision-making. If this cannot be done tractably, the models will be of limited value. The complexityresults for non-linear conjunctive planning suggest that memory-intensive precedent logics(see section 4.4) o�er the most plausible strategies for humans, organizations, and AI modelsto pursue. The ability to recycle old plans and to maintain the independence of plan elementsalso mitigates the deleterious consequences.6.1.5 Inferential PovertyThe cognitive plausibility of inference mechanisms presently employed in AI models is en-tirely suspect. It is clear that individuals have much richer inferential repertoires. AI andcognitive science have a considerable distance to go before arti�cial intelligence systems willbegin to simulate inferential mechanisms as rich as those ordinary people use everyday. Thecognitive status of organizational inference or decision-making is considerably less clear. Al-though organizations may be composed of individuals, it may not be necessary to simulate thecognitive processing of each individual. To the extent that organizational decision-making isadequately paraphrased by higher level abstractions such as precedents, \operational codes,"or other clearly articulated inference mechanisms, AI models may be able to provide reason-ably felicitous approximations. Since the adequacy of inferential mechanism depends on thespeci�cs of a model, each AI model needs to be assessed individually. The important pointis that inferential poverty requires attention as a potential source of distortions.132The theory su�ers from the absence of a coherent account of problem-solving.133See Mallery (1987b) for a more detailed discussion of the strategic situation, planning and its manifes-tations in language.



6.1 Representational Felicity 63Since many approaches rely on heuristic rules as their inference mechanism,a few words on their cognitive plausibility are needed. Rules are essentially disembodiedconcepts. As such, they have no systematic grounding in phenomena. Since they are un-grounded, knowledge-based systems will encounter di�culties simulating the learning thatcognitive agents might do when faced with failures in their domain concepts. Rules expressa formalization of a domain. They require considerable e�ort to distill from domain ex-perts. This suggests that they represent, at best, a post hoc reconstruction of the expert'sdomain theory. The experts typically rely on the kind of informal knowledge that rules can-not adequately express, i.e., historical cases. An even more serious problem is the resort totheoretically and empirically unmotivated ad hoc rules in order to make case-speci�c modelswork. Even if rules have shortcomings or present possible sources of implausibility, they o�erpowerful and well-developed tools for constructing AI models that cannot be ignored untilbetter alternatives are available. In short, some model of inference is better than none. Inthe meantime, constant vigilance to their shortcomings can yield better model speci�cationsand more plausible interpretations of results.6.1.6 Data PovertyThe main unifying characteristic of AI models of political phenomena is that they requirelarge amounts of phenomenal data. Like the situation for cognitive mapping, it is usuallydi�cult or impossible to collect su�cient data for many cognitive modeling problems. Theabsence of su�cient data may preclude the development of plausible models in many areas.Thus, an important question for research designs is to show that the appropriate amountsand types of data are available. Good models will be those that can exploit the availabledata to show interesting results. Systems that operate at a fairly high level of abstraction orshow logical consequences inherent in a priori formulations will probably be most successfulin the near term.Even if su�cient data is available to construct a model, there may be signi�-cant di�culties in converting it into a form suitable for computational processing. Schemesthat rely on large numbers of coders to translate data into a formal language are likely to becostly and su�er from intercoder reliability problems (see section 6.5.4). Natural languageprocessing, even if restricted to certain machine-parsable constructions, promises a means ofcoding large sets in ways that make the coding process formal and reproducible. The ma-jor bene�t of automatic natural language coding is that the target language need not fullyinterpret the data. That is, important components of the interpretation process may beenperformed by the AI system or the system user. Freeing the coder from the requirement ofproducing \objective" interpretations allows the model to simulate aspects of the interpre-tation process. Even with natural language processing, human coders performed importantcognitive tasks as they convert the initial text to a machine parsable form.134 However, asthe natural language processing improves. this source of unreliability will recede.134Because a full solution to the natural language processing problem requires a full solution to the arti�cialintelligence problem, it is AI-complete. Between the present and the solution of the AI problem, there area series of ever more sophisticated natural language processing models. The human coders will have toreformulate free-form texts according to the contemporary capabilities of their system. But, as their systemadvances, the amount of reformulation decreases.



64 6 EVALUATING COMPUTATIONAL MODELS6.1.7 Strategic Simpli�cationAny political model, whether computational or not, presupposes a theory. The facts andtheory elements incorporated into the model are determined by the theory. The utility ofany theory rests in its ability to simplify a phenomena in ways that expose its core causal(structural and functional) and teleological components. The more e�ective the simpli�ca-tion, the higher the explanatory power of the theory or model. Conversely, failure to treatrelevant aspects of the phenomena reduces the explanatory power for all cases in which theomissions are relevant. The ability to simplify at all, however, requires explanation of gener-alizations that hold for the phenomena. Thus the task of theory is to identify a small set ofregularities which, through repeated application, can account for the phenomenal behavior.These are precisely the kinds of principles that can make a for good AI simulation in thesocial sciences. If the explanation cannot be distilled to a few principles and facts, the datawill never be collected and the simulation never performed, or else, the simulation will havelittle to do with the empirical phenomena. To extent that the model performs adequately,the embodied theory simpli�es the phenomena without introducing distortions.6.1.8 Equi�nality ProblemThe equi�nality problem occurs when a model predicts the same outcomes as observed inhistorical cases but does so on the basis of di�erent factors and processes. Of course, all arti-�cial models, in so far as they are a simpli�cation of reality, must su�er from the equi�nalityproblem at some level { the level at which theoretically unmotivated computational devicessubstitute or simulate phenomenal objects. As an explanatory tool, an AI model should beuseful for �lling in aspects of political processes for which direct data is not available. Usein this capacity requires establishing that the unobservable aspects actually correspond tothe processes being modeled. This correspondence can never be fully established becauseof the problem is fundamentally inductive. However, con�dence in these unobservables canbe increased by inferring their presence on the basis of correlated deviations in the behaviorobservables as the model is applied to many cases.135 This is not very helpful for case-speci�cmodels. Since application to many cases may not always be feasible, a heuristic method canalso increase con�dence in the unobservables. In the heuristic method, the �rst step is toclearly delineate the equi�nal level and distinguish higher levels building from it. Giventhis, two general heuristics can minimize the likihood of drawing spurious inferences due theequi�nality problem:� All imputations from the model must be derived from at least one level higher thanthe base level, where the model interfaces to theoretically unmotivated computationaldevices.� The AI modeler must be able to construct a credible theoretical account of phenomenathat supports the imputed unobservables.136135The analogy underlying this deductive detection of unobservables is the detection of Pluto and Neptuneby astronomers. They deduced their existence on the basis of a deductive mathematical theory the explainedobserved orbital deviations of other planets by postulating the gravitational pull of the unknown planets.136Statistical polimetrics has employed this technique to avoid equi�nality problems that can occasionallyarise from model speci�cation errors.



6.1 Representational Felicity 65In general, the further removed the predictive level from the equi�nal level,the greater the con�dence in unobservables. The main implication for model speci�cation isto clearly distinguish the equi�nal level. This may, however, prove more di�cult in practicebecause most or all of the model may be at the equi�nal level. Thus, con�dence mustultimately rely on theoretical coherence, agreement with complementary theories, and theabsence of competing accounts with comparable explanatory power.6.1.9 Depth Versus Breadth of CoverageThere is a basic trade-o� in AI systems between the depth of coverage and the breadth ofcoverage. The success of knowledge-based systems and systems operating on microworldsillustrates how narrow coverage provides the constraint that allows depth to be achieved.This can be understood by noting that scientists and their computers are capable of handlingsome speci�c order of complexity in a historico-technico epoch. Thus, depth of coveragefollows from narrowing breadth. If the same complexity management capacity is appliedto broad phenomenal coverage, lower depth will be achieved. The key question, however,is which approach can best bene�t from increases in scienti�c manpower, cumulation. Forthe depth-�rst approach, cumulation means expanding breadth based on depth. For thebreadth-�rst approach, cumulation means expanding depth based on breadth. The historyof domain-speci�c research and microworld AI systems indicates that expanding from depthis more di�cult than expanding from breadth. The reasons are:� Achieving depth in domain-speci�c applications relies on case-speci�c, i.e., ad hoc,methods;� The absence of a general, domain-independent foundation means that new case-speci�cknowledge and heuristics are required for each new domain;� The focus is on obtaining quick results in narrow domains rather than developinggeneral principles.Although there are few breadth-�rst research e�orts to provide positive examples, thereare general reasons why this approach should ultimately prove more e�ective than domain-speci�c approaches:� General capabilities are only developed on the basis of general principles with wideapplication;� The general approach must address the a priori cognitive structures required for sys-tems to function rather than case-speci�c mechanisms;� Investigating the a priori structure of cognition is a research strategy that proceedsfrom ontology and epistemology;� This pursuit of uni�ed a apriori cognitive theories can exploit sources of constraintfrom di�erent parts of the same theories to constrain possible mechanisms, leading toan overdetermination of the possible solutions;



66 6 EVALUATING COMPUTATIONAL MODELSTo the extent that international relations models are devised using domain-independenttechnology, there is less likelihood of introduction of ad hoc structures to make the modelswork, which in turn, degrades the generality of the embodied political theory. In fact, thepresence of general, cognitively plausible underlying mechanism channels modeling e�orts indirections that are better grounded in a substantive sense. Thus, the cognitive plausibilityof the modeling tool has important consequences for the theoretical credibility of politicaltheories that might build from it.6.1.10 Mechanism ArtifactsArtifacts of speci�c mechanisms used in a computational model may account for importantcharacteristics of the observed results. For example, a counterfactual simulation may notincorporate learning mechanisms that would yield novel strategies for a decisionmaker. Or,a simulation may be performed on a computer of limited power, and therefore, be unableto process enough information or search a large enough space to provide plausible results.Note that the computational unit in the phenomena is a human being with 1010 neuronsoperating in parallel and these are combined in even more powerful computational devicescalled organizations, governments, and countries. Neither an IBM PC, a Cray supercom-puter, nor a Connection Machine is much of a match in terms of raw computational power.Another source of distortion is the quantity of information contained in a model relativeto the phenomena. The political modeler always has inadequate inferential mechanisms,computational crunch, and information. This demands reliance on clever theoretical for-mulations of the modeling task that minimize the distortions in the model. Since not alldistortions can be eliminated (by de�nition), modelers need to normalize results for knowndefects in the computational tool and mismatches to the phenomena. Critiquing simulationresults in this way can yield a list of methodological problems for improvement in subsequentmodels.6.2 Assessing Decision ModelsMuch of the AI modeling literature in international relations and foreign policy emphasizesmodels of decision-making. This section outlines a few general issues beyond the precedingdiscussion of representational felicity (see section 6.1).6.2.1 AssumptionsThe possibility of using symbolic modeling techniques to simulate organizational decision-making depends critically on several assumptions:� The presence of identi�able problem-solving (Sylvan, 1987b);� The availability of su�cient information to test a model's account of problem-solving(Sylvan, 1987b);



6.2 Assessing Decision Models 67� The processing of information, the assessment of situations, and the selection of actionsmust be governed by rules, e.g., operational codes (Job and Johnson, 1986);� Policies and choices (options) must not be subject to frequent revision (Job and John-son, 1986);� Memory of past actions of a political actor as well as other actors allows learning tobe incorporated into subsequent actions (Job and Johnson, 1986);� The successful reproduction of the organization's identity, which could be characterizedas relative stability in high level goals and methods for achieving them.Several factors can make the modeling e�ort easier or harder.� Hierarchical organizations should be easier to model because top-down strategies re-quire less data and less powerful computers; By modeling the top-echalons of theorganization �rst and incrementally extending the model to lower levels as the higherlevels fail to explain the phenomena, the top-down strategy can achieve the best returnper unit of modeling e�ort.� Anarchical or distributed organizations should be more di�cult to model because theuse of top-down strategies to model them will miss more essential elements leading todecisions.� More bureaucratized organizations evince more regular behavior that is easier to model.� Organizations with tighter environmental constraints will have less latitude for deci-sional variation.� More specialized organizations will be easier to model because the sources of variationare less.These factors are not exhaustive but the provide some indications of issues that will e�ect thechances of developing good decision models. Further indicators of the feasibility of developingspeci�c models follow from computational complexity considerations and the availability ofdata.6.2.2 Levels of AnalysisSylvan (1987b) notes the importance of selecting the correct level of analysis for the modelingproblem.� Causal-functional simulations of international political systems assume that orga-nizational units simply respond to the state of the environment according to �xed-function strategies;



68 6 EVALUATING COMPUTATIONAL MODELS� Unitary actor simulations perform cognitive processing to select actions withoutinternal disputes and pursue goals according to criteria framed at the actor level;� Internally di�erentiated actors have multiple loci of cognitive processing that fo-cus on multi-level (from the collective actor down to the decisional unit), partiallycon
icting goals and compete for the action selected by the organization;1. The cognitive processing of a single top decision is modeled on the assumptionthat signi�cant decisional output depends on the \great man;"2. The cognitive processing and communicational interaction of a small elite of topdecision makers (Leites, 1951) is modeled on the grounds that the group controlsthe output of the organization;3. The competing interests and information processing of di�erent organizationalsectors determine organizational decisions in the model;4. A model of an internally di�erentiated actor is juxtaposed with similar models ofother actors in the environment that can in
uence the course of decision eitherdirectly (pressure groups) or indirectly by creating environmental constraints orenablements (meta-power).� Complete bureaucratization holds that standard operating procedures, operationalcodes, \bureaucratic culture" dominates the decision of organizations independent ofthe individuals �lling positions within them;� Precedent-guided decisions characterize organizations that exploit collective mem-ory to select, or combine fragments of, similar responses used on past occasions;� Mythical or ideological decision-making expects organizations to act on the basisof strong social myths or ideologies and that there may be little connection with reality(Hurwitz, 1987).The existence of many di�erent levels and dimensions of analysis suggests the use of com-putational models to keep track of them and to test their internal and external consistency.6.2.3 Third Order AnalysisConstructing models of foreign-policy decision-making is signi�cantly di�erent in substancefrom studying foreign-policy decision-making per se. A comparative study of foreign policyhas two major components:� Collect substantive case descriptions;� Develop a set of abstractions or a descriptive theory covering the cases.Computational models of foreign policy decision-making go beyond the study of comparativeforeign policy in �ve ways because the investigator must:



6.3 Learning from Models 69� Formulate a theory of the decision-making process;� Implement the theory using a suitable computational formalism;� Code the case descriptions according to the descriptive theory for the chosen formalism;� Test the implemented theory on the coded case data;� Evaluate the performance of the model in light of actual or hypothetical cases.137The ways in which computational models exceed comparative foreign policyamount to adding two orders of analysis:� The theory of the decision process is a second order analysis;� The implementation of the theory is a third order analysis.In general, the discipline of computational modeling makes explicit the theoryof decision underlying case descriptions as well as the computational speci�cation of thedecision process.6.3 Learning from Models6.3.1 Success AnalysisThe desirable outcome for a symbolic model is that it successfully predicts substantive be-havior. When this happy result obtains, it is necessary to identify the operative componentsof the model that are responsible for its predictive capabilities. Other components will pre-sumably have only marginal e�ects. Thus, the scienti�c documentation of the research needsto report the key predictive principles and assess their relative importance, perhaps throughsensitivity analysis.6.3.2 Failure AnalysisOnce an investigator realizes that his AI model fails to adequately capture the relevant facetsof the phenomenal world, the failure can be turned to his advantage through \fault analysistechniques." The failure pattern of computer models provides a tool for identifying whataspect of the phenomena have not been modeled and what components of the methodol-ogy are not up to snu�. For example, Job and Johnson (1986) note that their model of137Evaluation of postdictive uses of models is simpler than evaluation of other uses, such as predictive orheuristics uses.



70 6 EVALUATING COMPUTATIONAL MODELSU.S. decision-making concerning the Dominican Republic failed to predict certain decisionsbecause it did not incorporate a mechanism for representing delayed responses to informa-tion. This is a problem both for the computational tools and data acquisition. On the onehand, they need a symbolic analog to lag functions in multiple regression models. On theother hand, they also need information about what determines delayed responses by theU.S. decision processes. In general, failure analysis provides a powerful tool for improvingboth political theories and symbolic modeling methodology. Although some omissions fromtheories could be identi�ed without resort to computational models, there should be typesof omissions which are too subtle or involve such complex interactions that human analystsmay not easily identify them. Computational modeling provides a method for systematicallyidentifying gaps in theories, and therefore, o�ers itself as a tool to assist theory formationand theory re�nement.6.4 Reporting ResultsA major problem with the existing literature on computational modeling is that it is usuallyvery di�cult to understand how a model is implemented or what it does on the basis ofpublished papers.138 Explicit identi�cation of key methodological components includingcitations to the AI literature where appropriate, can help tremendously. For comparability,replicability and scienti�c cumulation, authors should always report the following:� The principles that make the simulation work.� Flowchart overviewing processing stages and associated datastructures.� The general representational approach and its speci�c use, e.g. frames, conceptualdependency used to represent actors and actions.� The programming language or AI package used, e.g. Common LISP, PROLOG.� Rough statement of system size, e.g. number of lines of code.� Rough statement of data size, e.g. number of knowledge representation units.� Rough statement of inferential mechanism complexity, e.g. number of rules.� Assessment of system case-speci�city, i.e. the ad hocness coe�cient.� Sources for data, e.g. the New York Times, interviews.� Preparation of data for input to the model, e.g. rephrasing in terms of rules.� Mapping from input to the representation, e.g. event statements are converted intoPROLOG expressions.� All rules, axioms, and other data should be provided whenever feasible so that otherscan replicate the results. Otherwise, this material should be available from the author.138This problem is also prevalent in the AI literature because systems are complex. It is mitigated wherethe technology is generally known.



6.5 Reliability and Validity 71The advancing power of computers available to political scientists will leadto programs and system that are too large to fully treat in published papers and too largeto be useful in the form of a source-code listing. Thus, arrangements should be madefor exchanging machine readable versions of programs, systems, and data. In conjunctionwith a published literature documenting the theory and practice of particular AI modelingsystems, the availability of machine readable versions of the system provide the best vehiclefor scienti�c cumulation. This can lead to cooperative work by multiple researchers andgreater aggregate achievements.6.5 Reliability and Validity6.5.1 Computational LimitationsReliability and validity questions concerning substantive political issues depend on the com-putational foundation from which they build. This section considers these foundationalissues.� Halting Problem: A foundational theorem of computer science, known as the haltingproblem, proves that in the general case it is not possible to prove whether a universalTuring machine will halt (terminate). Because the universal Turing machine providesthe theoretical foundation (the computational model) for work in computer science,this result e�ects computational models of politics implemented on general-purposecomputers. It follows that if it cannot be shown that an AI system will halt (terminate),the correctness of the system cannot be established because there is never any resultwhose correctness can be checked!139� Undecidability: A problem is undecidable if, given an instance of the problem, noalgorithms exists for determining whether or not a solution exists.140 As noted insection 6.1.4, planning for conjunctive goals is undecidable. Thus, practical modelinge�orts need to pay careful attention to whether or not parts of the simulation aredecidable and determine the consequences for the overall simulation.� Intractability: Exponential (NP-complete) algorithms are believed to be computa-tionally intractable. To the extent that cognitive models require simulating exponentialprocesses (e.g., planning), it may be impossible to produce practical simulations. How-ever, cognitive agents have �nite computational capacities, and therefore, it may bepossible to simulate their ability to handle exponential computations, failing just asthey do.141 In general, the complexity of practical political simulations can increase139For discussion of the halting problem, see any basic textbook on the theory of computation, for example(Hopcroft & Ullman, 1979; Boolos & Je�rey, 1980; Lewis & Papadimitriou, 1981).140See Hopcroft & Ullman (1979: 177-216) for a more detailed discussion of undecidability.141Progress in parallel processing promises to bring computers closer to the capacities required to simulatecognitive agents. Speci�cally, if the size of the memory of a computer is equal to the number of processors(as in a connection machine), memory limitations prevent requirements for exponential processors fromtaking e�ect. The human brain has on the order of 1010 neurons. There are about 5 billion people onthe planet. In the worst case, modeling international relations could require cognitive models of all people



72 6 EVALUATING COMPUTATIONAL MODELSas computer hardware and software technologies advance Thus, while some problemsmay be practically intractable today, they may become feasible tomorrow.� Program Correctness: Contemporary technology for proving the correctness of pro-grams can handle only simple programs, which are orders of magnitude simpler thanthe computational mechanisms demanded by computational politics. To the extentthat the halting problem or undecidability are issues { and they certainly seem rele-vant for cognitive models { there can be no hope of showing the correctness of programor knowledge-based systems simulating cognitive processing.142� Hardware Reliability: Assuming that none of the above computational issues causetrouble for a political simulation, small hardware failures (such as dropping bits) mayproduce spurious results. Although this is not a problem for the social scientist who canjust rerun the simulation, it presents a potentially serious concern for those would whohave AI systems that make critical decisions, such as those required in SDI applications.The general conclusions for the underlying computational mechanisms is that no a prioridemonstrations of reliable operation or valid conclusions are possible. This means that theperformance of AI models must be judged in terms of their empirical behavior.6.5.2 Empirical InductionIn highly constrained domains, the output of AI systems, given speci�c inputs, can becompared to results known to be true or derived by other methods. The key here is to developnew veri�cation procedures for AI models and combine them with the existing knowledge ofempirical validation in political science, e.g. (Eckstein, 1975; Hermann, Philips, & Thorson,1978; Cook & Campbell, 1979). As long as the complexity of the output is small andthe mapping to empirical benchmarks straight forward, exhaustive comparisons of inputsets to output sets provides an e�ective means of verifying the correct operation of an AIsystem. However, as problem size increases or the domain becomes unconstrained (as ininteresting political models), exhaustive comparison is no longer feasible. For these models,partial comparisons of input and output sets to known domain fact provides the basis forinductively inferring the correctness of the model. As more comparisons are done, con�dencein the model increases. However, the possibility always remains that the model will failon some as yet unexamined input and output set. Moreover, it is usually not possiblefor models in international relations and foreign-policy decision-making to obtain domainfacts for comparison.143 In sum, empirical induction provides a fallible but useful means ofverifying AI models.and organizations. That would require a parallel computer with about 1019 processors. Although this issubstantially beyond the 64,000 processors available in today's Connection Machines, our current technologyis only 1014 short of the worst case requirement!142See, for example, Sedgewick (1983) for an introduction to algorithms and issues of correctness.143Indeed, the unavailability of domain facts and the impracticability of laboratory experiments are impor-tant reasons for developing computational model of politics.



6.5 Reliability and Validity 736.5.3 Logical CoherenceEmpirical induction clearly fails in counterfactual analyses. No simple one-to-one mappingfrom AI model to the real world can be used to test the model. For similar analyses whereno simple empirical mapping is possible, analysis of the logical coherence of the model (theargument that it makes) provides another weak veri�cation method.144 This amounts toverifying the system's internal consistency and logical structure. Veri�cation of predictionsrequires establishing the correctness of all datapoints and verifying the inferential mecha-nisms conform to the modeled domain. Since human reasoning (and therefore, organizationalreasoning) is not well-understood, it cannot be veri�ed. Thus, AI models can only help uscheck our own thinking about how social actors reason.6.5.4 Lessons from Content AnalysisContent analysis has already faced the issues of reliability and validity.145 Content analysisinterprets results by considering the reliability of a model and the validity of the componentsof the model. In general, reliability refers to consistency and accuracy of knowledge encodingsfor a single coder over time or across many coders. In the AI context, a coder should beunderstood as the combination of a knowledge engineer and a domain expert. This may ormay not be the same person. If the AI model is an expert system, the coding task is cullingand preparing rules. If the AI system uses a natural language front-end, the coding task isconverting the text to a format which the natural language system can process. Drawing onthe analogy from content analysis, reliability of an AI model has several aspects:� Stability: Stability refers to the stability of coding of data for analysis over time.When the same coder prepares input data for representations, whether the rules, logicalformulae, or English text, stability can be ascertained by examining the di�erences inthe resulting representation. For the case of AI models, stability needs to encompass thestability of inferences that can be derived from the representation. Thus, the concernin inferential stability is how inferences are e�ected by variations in the knowledgeencoded in the representation and how the codings vary for the same coder over time.� Reproducibility: Although stability measures the consistency of private understand-ings, reproducibility, also known as intercoder reliability, expresses the similarities anddi�erences between di�erent coders. Reproducibility problems can occur when codingrules are ambiguous or inconsistent, when errors in data exist, when di�erences in sit-uational factor prompt di�erent codings, or simply when cognitive di�erences betweenthe coders lead to di�erent classi�cations. As in stability, the concern here is with theimpact of coding on the inferences produced by the AI system.144The method is weak due to the general di�culties of proving correctness of programs. Nevertheless,logical analysis of an AI system, often referred to as a \model theory" by logicians, provides a basis forarguing whether its behavior is correct or incorrect. Ultimately, logical analysis founders to the extent thathuman reasoning is not understood.145This section draws on Weber (1985: 16-21) and Krippendor� (1980: 130-154) but reformulates theircriteria for the case of computational politics.



74 6 EVALUATING COMPUTATIONAL MODELS� Accuracy: Accuracy of coding show the extent to which knowledge encoding corre-sponds to a standard or norm. This is the strongest test of reliability which can beapplied to the performance of human coders once coding standards are available. Foran expert system, coding accuracy refers to application of the classi�cational criteriaused in the model to code source materials into rules. For a natural-language basedsystem, accuracy refers to the correct conversion of raw text to the linguistic modelhandled by the AI system.The analogy with the notion of validity in content analysis is not as clear forAI models with the exception of those using natural language as their source of knowledge.� Construct Validity: Construct validity refers to the correlation of di�erent measurefor the same attribute in content analysis. Two types of correlation are considered:1. Convergent constructs use di�erent indicators that express same underlying con-cept;2. Divergent constructs uses opposing indicators that must not be present if theiropposed indicator is present.In knowledge-based systems, construct validity can naturally arise in the coding ofrules because of the need to map di�erent surface expressions of propositions into sin-gle canonical rules. In natural language systems, construct validity can span both thecoding process and the interpretations performed by the AI system. For inferencesbased on knowledge representations, the notion of construct validity can guide alter-native sources for the same inferences and suggest contradictory knowledge that wouldprevent inferences from going through.� Hypothesis Validity: Hypthothesis validity is the extent to which the knowledgerepresentation yields inferences conforming to the substantive theory and the proce-dural theory that the AI model purports to implement. For example, given a theoryof organizational decision-making and data on a speci�c organization, the AI modelshould produce inferences consistent with both. To the extent that it does not, theremay be problems in the validity of the theory of decision-making or the data (assumingthe implementation accurately re
ects these).� Predictive Validity: Predictive validity is the extent to which the knowledge rep-resentation yields inferences that predict actual outcomes in the phenomenal world.Either the future, the past (postdiction), or concurrent events may be the object ofprediction. This is a particularly e�ective test of validity because it encourages the useof generalizable methods and depends on data not directly under the control of theinvestigator.The present literature on computational politics does not treat the importantquestions of reliability and validity of models. Although this is understandable becausecurrent research strives to devise workable models, it is nevertheless important to developdesigns that facilitate showing the reliability and validity of the models. Only in this way willcomputational politics develop the scienti�c techniques necessary to rigorously demonstrateresults.



757 Conclusions7.1 Responsible UsesAI modeling in international relations and foreign-policy decision-making is an area of basicresearch. The �eld of inquiry is just beginning to take form and is little understood. How-ever, one thing is clear: AI modeling in this �eld is presently suitable only for descriptiveresearch, generation of heuristic insights, and theory clari�cation but not prescriptive policy-making. Scienti�c responsibility, common-sense, and the discussion of the myriad ways inwhich symbolic models can fail, demands foregoing applications to real-world decision prob-lems in foreign a�airs. The infeasibility of demonstrating the correctness of computationalsystems and the lack of knowledge about the reliability and validity of AI models meanthat any application to critical areas of national defense could produce catastrophic failures.Considering the grave consequences of system failure, the proponents of AI system in criticalnational defense applications need to prove that failure cannot produce dire consequences.These proofs should be redundantly checked by competing teams of scientists, who seek toshow how it can fail. Even then, a good design, like a good design for nuclear reactors, shouldplan for failure and make failure modes tolerable. Ultimately, though, the responsibility fora catastrophic failure of an AI system in a critical application will rest not with the designersor the reviewing scientists but with the public o�cials whose signatures bring the system online.7.2 The Inadequacy of Formal PlanningFormal planning cannot explain problem-solving or planning as found in the substance andprocess of foreign policy. Thus, strategic policy in the military and intelligence spheres isnot e�ectively computable. The formal complexity-theoretic results for non-linear planningfor conjunctive goals (see section 6.1.4) show that general, domain-independent planning iscomputationally intractable and also undecidable. The planning referred to here is involvescomposing a series of actions that achieve multiple goals, roughly a means-ends analysis moresophisticated than generalized problem solving (GPS) (see section 4.1). This means thatsimulating the planning behavior of a single cognitive agent without resort to domain-speci�cspecial-case planning methods is not feasible for a computer, whether serial or parallel,or humans, whether individually or collectively. The foreign policy case is worse. It isnecessary not just to simulate or predict the planning behavior of multiple political actors ininternational arenas but also to simulate and predict the counterplanning of the actors vis-a-vis other actors in the system. Because formal planning, speci�cally generalized problem-solving �gures so prominently in the organization theories deployed to understand foreignpolicy decision-making (see section 6.1.4), there is a pressing need to revise these theoriesin light of the formal results on planning. In short, formal planning does not provide anadequate basis for understanding the substance or process of foreign policy or simulatingforeign policy decision-making.



76 7 CONCLUSIONS7.3 Precedent Logics as a Computable AlternativePrecedent logics (see section 4.4) are the most promising alternative to formal planning asan account of the substance and process of foreign policy. The results on formal planningnotwithstanding, people and organizations do manage to anticipate, to varying degrees, thestrategies, plans, and counterplans of competitors and allies. This constitutes an existenceproof for a computationally tractable, albeit partial, means of simulating the planning andcounterplanning of political actors. The virtue of precedent logics is that they allow old plansknown to work for some situations to be recycled in applications to new but similar situations{ without attempting to rederive new plans from �rst principles. Instead of determiningwhether the precedent will work, it is only necessary to ascertain how it might fail, i.e., howthe present situation di�ers from the past one. Thus, by recycling knowledge of the past,and perhaps transferring it across domains, precedent logics gain desirable computationalproperties that make them plausible in principle. For this reason, they seem capable ofproviding a computationally adequate account of situations with multiple political actorsengaged in planning and counterplanning. They also suggest revisions for the organizationtheories used to understand and simulate foreign policy decision-making. But, beyond merecomputational complexity considerations, precedent logics evince properties not found informal planning systems, speci�cally:� They strategically simplify;� They capture the \lessons" of history (May, 1973);� They have high cognitive plausibility, especially due to their grounding in informal,common-sense knowledge;� They, in conjunction with related metaphorical processes, provide a source for semanticinnovation or learning;� They paraphrase the essential ingredients of decision and inference;� They simulate the prestructuring or \seeing as" found in problem framing;In sum, precedent logics o�er a computationally tractable and cognitive plau-sible approach to theorizing about and simulating the substance and process of foreign policy.7.4 E�ective History, Natural Language, and Historical MethodPrecedent logics are just one component of a hermeneutical approach to understanding andmodeling political action. If the cognitive processing, whether individual or collective, ismemory intensive, then the contents of memory, the experience or e�ective history of politi-cal actors provides the stock of potential precedents that could be applied to new situations.Furthermore, the taxonomic categories that guide the precedent-based reasoning, or moregeneral cognitive processing, of political actors are largely induced from their linguistic expe-rience or transferred to them through language. Because the predominant experiential mode



7.5 Importing Computational Insights into Political Theory 77of political actors is linguistic, natural language representation must �gure equally promi-nently in AI models of international relations or foreign policy decision-making. Quite apartfrom various technical di�culties, semantic universalism (see section 5.2) is unsuited to thetask of representing di�erent e�ective histories because it imposes a single classi�cationalscheme to interpret utterances of political actors with very di�erent e�ective histories, andtherefore, very di�erent taxonomic categories. In contrast, lexicalist approaches to naturallanguage representation (see section 5.3.1) are expressly suited to the problems of interpret-ing and representing the utterances of political actors with divergent e�ective histories. Insum, natural language processing using a lexicalist-hermeneutical approach allow:� Simulation of the subjective interpretation processes of cognitive agents, whether in-dividuals or organizations;� Construction of informal representations suited to precedent reasoning, analogy, andmetaphor;� Quick construction of large datastructures from text;� Simulation of the classi�cational, learning, and understanding processes of cognitiveagents;� Representation of conversational communications between language-users.Thus, natural language modeling, precedent logics, and other forms of experiential learningform the basis for a symbolic modeling grounded in historical method. This, then, comprisesa computational method that is closely allied with the traditional historical method mostoften found in international relations and foreign policy studies.These considerations, and the fact that other formalisms such as knowledge-based systems are subsumed by a successful natural language approach, argue that naturallanguage modeling targeted at common-sense reasoning and learning promise the greatestpotential payo� for symbolic modeling. Their potential vastly outstrips that of knowledge-based systems because, instead of being inherently domain-speci�c, precedent-based naturallanguage systems promise multiple domain generality.7.5 Importing Computational Insights into Political TheoryJust as cybernetics and systems theory enriched the descriptive vocabulary of internationalrelations modelers and theorists, such as Deutsch (1963), Forrester (1971), Choucri andNorth (1975), Meadows et al. (1972), distinctly computational constructs like \boundedrationality" and \satis�cing" have been introduced by �rst generation AI researchers such asHerbert Simon. The information processing view of social systems concerns itself primarilywith issues revolving around search and its computational requirements. A new wave ofconcepts from learning theory and common-sense reasoning is now coming into internationalrelations. Analogical and precedent-based reasoning as well as inductive concept formationare important ideas that color the analysis of organizations and individuals as history-basedlearners. Complexity theoretic results for planning and issues from parallel processing, such
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