1K. R. StephensBehavior Analysis and Intelligent Agent TheoryBehavior Analysis and Intelligent Agent TheoryCIKM-95 Workshop on Intelligent InformationAgentsKenneth R. Stephens, Ph.D.BehavHeuristics, Inc.College Park, MDA Tale of Two ParadigmsThe concept of intelligence as applied to autonomous agents has verydifferent meanings within two distinct paradigms. As the intelligent agentfield has developed, these paradigms have produced the �symbolic AI�approach and the �nouvelle AI� set of alternative architectures (Brooks, 1990).However, to understand these two movements and hopefully reconcilethem, it is important to place the two approaches within the larger context oftwo different views of the world. In the broader context of intelligentmachines, the paradigms are respectively represented by ArtificialIntelligence/Cognitive Science and Cybernetics, by knowledge-based expertsystems and neural networks (Hutchison, 1985). In data structures, it�sdiscrete versus continuous, binary vs. analog. In modern biology, the twoways of looking at life are essentialism versus selectionism. And in the fieldof psychology, the camps are cognitive psychology and behavior analysis.There are many parallels between the sets of conflicting paradigms.The �symbolic AI� approach or �deliberate thinking� paradigm (Maes, 1990)patterns itself on a mental model of intelligence. Symbolic representations ofknowledge, usually a set of rules or predicates, is stored in memory structures,and processed using heuristics for logical inference and reasoning to selectamong explicit plans for action. The plans are constructed at compile time orsynthesized from subplans at run-time. Planning is based on arepresentation of mental attributes: beliefs, desires, intentions, goals, andmemory structures. Learning is deemphasized, and search in solution-spaceis of critical importance. In summary, intelligence resides inside the machineas a set of structures, models and heuristics; the agent is assumed to begoverned by logic. The approach tends to be compute intensive and torequire a significant a priori knowledge engineering effort.The second type of agent theory has been called �situated agents,� �nouvelleAI,� or �behavior-based AI� (Maes, 1990; Brooks, 1990). These newapproaches makes fewer assumptions of internal attributes, and do not usethe elaborate knowledge representation schemes, explicit planning processes,or search schemes of AI. Intelligence is an emergent property of systemfunctionality, exhibited by agents that are situated in an environment withwhich they are dynamically engaged. In some approaches such as behavior

2K. R. StephensBehavior Analysis and Intelligent Agent Theorynets (Maes, 1989) available behaviors are made available through thebehavior language controlling the agent, and one action chains to anotherthrough a mechanism of activation and inhibition of competence modules.Learning is important in the latter approach, as it is clear that for intelligentbehavior to emerge from the system, there has to be some way of guiding theselection of more effective behavior to progressively improve the agent�sperformance. In some projects, agents learn �over the shoulder;� in most ofthese, it is learning of a rule via one of the �machine learning� algorithms(e.g. Memory Based Reasoning). Unfortunately, MBR is compute intensiveand slow (Metral, 1993), since it involves search in memory for situations thatare most like the present one following conversion to a weighted situationvector.Genetic algorithms and neural networks have attracted some interest but Iam not aware of any implementation of the behavioral control system of anagent that has been based on neural networks. However, neural networkshave characteristics that are desirable in terms of learning; what they lack(with one notable exception to be discussed below) is articulation: they are noteasily interpreted and can�t communicate well with the user or other agents.The MBR algorithm for weighting fields and computation of a singlesituation vector has some elements in common with neural networks(modification of the weights used in multiplying certain input values is thebasis for learning); however, as it chooses the behavior most like what ahuman user would have done in the current situation it proceeds lessefficiently and less flexibly than most neural network architectures. MBRdoes not try to optimize a solution or to maximize a utility function as aneural network might.The trend toward modeling of behavior rather than mental functions isencouraging, producing evidence that mental structures, symbolicrepresentations of knowledge about the world, and cognitive processes ofplanning and reasoning are not essential in order to show intelligentbehavior. Learning and adaptation will take even more of a role if agents areto become more robust and adaptable to changing or unanticipated conditionsin the environment. The theme of this paper is that dynamic modeling ofagent behavioral repertoires can be most adaptive and continuous with a typeof neural network based on a behavioral analytic theory rather thanneurophysiological modeling, and that such a system has been the basis for atype of agent that learns simple elements of verbal behavior and ways ofcombining them to learn an increasingly rich verbal repertoire.Behavior Analytic Agent TheoryAs pointed out in Stephens and Hutchison (1993), behavior analysis providesa framework for analysing the acquisition of behavior, its control by featuresof the environment, and selection of behavior by consequent feedback. It also

3K. R. StephensBehavior Analysis and Intelligent Agent Theoryprovides theory for the acquisition of verbal behavior while maintaining thecontinuity of theory between principles of verbal and non-verbal behavior.BANKET, a software system for implementing behavioral neural networks,has been successfully fielded in commercial decision support systems for themarketing of airline seat inventory (Stephens et al, 1990), learning toaccurately forecast the amount of demand and no-shows for flight departuresmany weeks in the future. The BANKET engine has also been the basis fordemonstrating the acquisition of verbal relationships by agents in theSeventh Generation (7G) project reported by Hutchison (1995a; 1995b).Modeling a behavioral repertoire as a neural network has several advantages.When compared to rules which a system either �has� or does not have,behavioral control through a network of input factors (each of which has aweight that expresses strength of antecedant control) is a more continuousrepresentation of subtle relationships and non-linear and combinatorialcontrol. While logic and inference can be applied against the output of aneural network, and sequences of actions can be determined by recurrentinputs, the behavior of the system is not assumed to perfectly follow logic anymore than the behavior of an animal or human should be assumed to beperfectly logical. The more subtle form of control may be loosely said to bemore intuitive. Each of the input factors applied to the network, whetherfrom sensors or from data structures, can be modeled as a stimulusdimension with piecewise linear approximation of complex functions. Inputdimensions may have interactions with each another. In the BANKETsystem and unlike conventional back-propagation architectures, theseinteractions are explicitly modeled as computational nodes. BANKET isconsiderably faster to converge on optimal weights than back-propagationbecause it acquires and maintains a self-configured and lean structure withthe minimal number of connections to accomplish its objectives, unlike back-propagation where the number of connections is very high and learning isvery slow.When the task of a BANKET system is to learn certain behaviors that Skinner(1957) discussed as the basic verbal operants, what emerges are agents whichhave rich and subtle modeling of behavior, and which can adaptively acquirebehavior, both verbal and non-verbal.Why should a neural network attempt to model verbal behavior? There areseveral compelling reasons.¥they will be better able to communicate with human users;¥they will be flexible with regard to communicating with other agents.It is expected that 7G agents will be able to learn to communicate withKQML agents (Finin et al, 1994), for instance;¥by following instructions and by absorbing verbal knowledge, they canacquire behavior much faster than neural networks which have to betrained for each new behavior and procedure.

4K. R. StephensBehavior Analysis and Intelligent Agent TheoryHutchison (1995b) points out many other advantages of verbal agents basedon neural networks.ConclusionIs there hope for bridging the gap between the two paradigms? Hutchisonand Stephens (1987) argued that Skinner�s theory of verbal behavior providesguidance to unify verbal and non-verbal behavior; this would provide aframework to implement a logical and rule-based verbal repertoire in thesame system that is sensitive and adaptive to non-verbal input. Theforegoing discussion does not deny the usefulness of rules and logic inintelligent systems, and when knowledge or a plan can be communicatedbetween two agents (human or otherwise), a tremendous efficiency results.However, it is clear from the work of Maes, Brooks and others that such toolsof symbolic AI are not necessary for intelligent behavior to emerge.The practical implications of building agents on the 7G architecture include:¥better sensitivity to changing conditions;¥ability to model values of the user (essential for trustworthy agents inelectronic commerce, for instance);¥flexibility of 7G agents to adapt to an environment intended for agentsof a different structure and communication language;¥incremental development costs, since each generation of 7G agents willbuild on top of the verbal repertoire of previous generations;¥faster run-time performance;¥agents that can be trained and taught, rather than having knowledgeencoded into predicates and rules; and¥compatibility with object-oriented systems, since BANKET and otherparts of 7G system are written in Smalltalk.In summary, there is already a movement within Intelligent Agent theory tobecome more behaviorally based and more situated in an environment, andless dependent on the endowment of �intelligence� through internallymental structures and cognitive processes. Behavior analysis and inparticularly Skinner�s theory of verbal behavior have something of value tooffer this field as agents take on more ambitious and commercially valuabletasks.

5K. R. StephensBehavior Analysis and Intelligent Agent TheoryReferencesBrooks, R.A. (1990). Elephants don�t play chess. In P. Maes (Ed.) DesigningAutonomous Agents: Theory and Practice from Biology to Engineeringand Back. London: The MIT Press, 1990.Brooks, R.A. (1991). Intelligence without Reason. MIT A.I. Memo No. 1293.Finin, T., R. Fritzson, D. McKay, and R. McEntire (1994). KQML as an AgentCommunication Language. The Proceedings of the Third InternationalConference on Information and Knowledge Management (CIKM �94),ACM Press, November, 1994.Hutchison, W. R. (1985). Behavior analysis and other adaptive systemstheories within the "functional camp" of artificial intelligence. Newsletterfor the Behavior Artificial Intelligence Network, 2: 3-18, March.Hutchison, W.R. and Stephens, K.R. (1987). Integration of distributed andsymbolic knowledge representations. Proceedings of the FirstInternational Conference on Neural Networks, 2: 395-398, 1987.Hutchison, W. (1995a). Adaptive autonomous agent with verbal learning.Patent application submitted May 26, 1995.Hutchison, W. (1995b). Why Can’t an Agent....Be More Like a Man? Papersubmitted for CIKM-95 Workshop on Intelligent Agents.Maes, P. (1990). Situated agents can have goals. In P. Maes (Ed.) DesigningAutonomous Agents: Theory and Practice from Biology to Engineeringand Back. London: The MIT Press, 1990.Metral, M.E. (1993). Design of a Generic Learning Interface Agent. BS Thesis,MIT, May 1993.Skinner, B.F. (1957). Verbal Behavior. Englewood Cliff, NJ: Prentice-Hall.Stephens, K.R., Hutchison, W.R., Hormby, S., & Bell, T.M. (1990). Dynamicresource allocation using adaptive networks. Neurocomputing,

2 : 9-16.Stephens, K.R. & Hutchison, W.R. (1992). Behavioral personal digitalassistants: the seventh generation of computing. The Analysis of VerbalBehavior,

10 : 149-156.Stephens, K.R. & Hutchison, W.R. (1993). Behavior analysis and the questfor machine intelligence. Educational Technology. October 1993, 52-61.Stephens, K.R. (1994). Commercial opportunities for 7G. Paper presented insession on Seventh Generation. Association of Behavior Analysis,Atlanta, May 1994.