�mile: Marshalling Passions in Training and Education

Jonathan Gratch

University of Southern California Information Sciences Institute 4676 Admiralty Way, Marina del Rey, CA 90292 gratch@isi.edu

ABSTRACT

Emotional reasoning can be an important contribution to automated tutoring and training systems. This paper describes �mile, a model of emotional reasoning that builds upon existing approaches and significantly generalizes and extends their capabilities. The main contribution is to show how an explicit planning model allows a more general treatment of several stages of the reasoning process. The model supports educational applications by allowing agents to appraise the emotional significance of events as they relate to students’ (or their own) plans and goals, model and predict the emotional state of others, and alter behavior accordingly.

1 INTRODUCTION

Emotional computers may seem an oxymoron but recent years have seen a flurry of computation accounts of emotion in a variety of applications. This paper describes �mile, a model of emotional reasoning that extends and significantly generalizes prior work. �mile illustrates how an explicit planning model supports a more general treatment of emotional reasoning (specifically with respect to �prospective� emotions, the treatment of inter-agent interactions, the derivation of emotional intensity, and management of the dynamics of emotional expression). The model allows agents to appraise the emotional significance of events as they relate to plans and goals, model and predict the emotional state of other agents, and alter behavior accordingly. �mile is particularly suited to applications where agents must plan as well as react (as in Rickel and Johnson, 1998; Hill et al., 1997; Pell et al., 1998).

But why model emotion? Emotions have received the most attention for their strength in creating engaging and believable characters in entertainment and art. Though somewhat less obvious, emotional reasoning can play a key role in educational tools. Psychological and neuroscience research indicates that emotions have a powerful influence on human behavior, both through their use as a non-verbal communication channel (Oatley and Johnson-Laird, 1987) and through their sway over planning and action selection (de Souza, 1987; Damasio, 1994). Recent work on tutoring systems has begun to address the communicative function by, for example, making tutoring systems respond to a student�s emotional �language� and generating emotion cues during instruction (Lester et al., 1999; Johnson et al., 2000). Research into military training simulators has also begun to address the influence of emotions on behavior (Hudlicka and Billingsley, 1999). Indeed, a panel of the National Research Council conducted a survey of this topic and concluded that the lack of �behavioral moderators� such as emotion substantially limits the capabilities of existing military simulations (NRC, 1998), leading, in part, to the creation of a new research institute to investigate such issues.^1

This article takes as given that modeling affect is important, and sets forth one proposal for how this might be accomplished in the context of dynamic, interactive, and non-scripted training environments. The goal is to create autonomous agents that populate so-called "constructive simulations" where the trajectory of a training exercise arises from the interactions between participants (real or synthetic). This imposes strong requirements on the emotional models. Agents must automatically appraise the environment, derive a plausible emotional state, and modulate their behavior accordingly. Training simulations place other requirements that differ from entertainment-oriented applications. On one hand, the focus is more constrained as one only needs to model typical human behavior, not Micky Mouse as well, and not the richness of character necessary for entertainment applications. On the other hand, as the goal is to create operational systems, there is more need for generality, scalability, and the ability to support the constant flux in equipment and tactics.

�mile builds on prior computational models of emotion, notably Neal Reilly�s (1996) Em algorithm and Clark Elliott�s (1992) Affective Reasoner. Like many models it traces its lineage back to the influential theory proposed by Ortony, Clore, and Collins (1988). �mile differs in emphasizing the role of plans in emotional reasoning, and thus draws significantly on the work of Lazarus (1991), Oatley and Johnson-Laird (1987), Sloman (1987) and Beaudoin (1995). As with Sloman, Beaudoin, and Neal Reilly, my focus is on understanding the interaction of emotion, decisionmaking and action selection (so-called �broad-agents�). I therefore describe emotional reasoning in the context of other forms of reasoning: the overall system addresses the issues of how to develop and execute plans to achieve goals, model the plans and emotional responses of other (human or synthetic) agents, guide the presentation of information through emotional expressions or gestures, and influence the process of plan generation and action selection.

2 PLANNING

Many psychological theories of emotion emphasize the relationship between plans and emotions. Nevertheless, the vast majority of computational approaches do not explicitly represent plans (even approaches derived from psychological theories that do). This is partly pragmatic � when they were developed, planning algorithms had a number of limitations that precluded their easy

1 The Institute for Creative Technology: www.isi.edu/uarc.html

Appears in the 4^{th} International Conference on Autonomous Agents, June 2000

inclusion into real-time intelligent agents (Agre and Chapman,

1987). Instead, prior accounts used �reactive planning� approaches that maintain an implicit model of plans. Such systems execute actions in the service of goals, but don�t represent how actions contribute to goal achievement, can�t predict future states of the world, and don�t recognize interactions between steps in different plans � three properties that are critical for supporting a more general model. Planning research has adv

s

1 9 9 8 . Modeling Human

and Organizational Behavior. National Academy Press,

Washington D.C.

Neal Reilly, W.S., 1996. Believable Social and Emotional

Agents. Ph.D Thesis CMU-CS-96-138. Carnegie Melon Univ.

Oatley, K. & Johnson-Laird, P.N. 1987. Towards a Cognitive

Theory of Emotions. Cognition and Emotion, 1 (1).

Onder, N. & Pollack, M. 1999. Conditional, probabilistic planning: a unifying algorithm and effective search control mechanisms. AAAI99

Ortony A., Clore, G. L., & Collins, A. 1988. The Cognitive

Structure of Emotions. Cambridge University Press.

Pell, B. Bernard, D., Chien, S., Gat, E., Muscettola, N., Nayak,

P. P., Wagner, M., Williams, B. 1998. An autonomous spacecraft agent prototype Autonomous Robotics, 5.

Picard, R. 1997. Affective Computing. MIT Press.

Rickel, J. & Johnson, L. 1998. Animated agents for procedural training in virtual reality: perception, cognition, and motor control. Applied Artificial Intelligence, v 13.

Integrating Pedagogical Capabilities in a Virtual Environment

Agent. First International Conference on Autonomous Agents.

Rousseau, J., 1762. �mile. Reissued, Everyman Press, 1993.

Rousseau, D. & Hayes-Roth, B. 1997. Improvisational synthetic actors with flexible personalities. Knowledge Systems

Laboratory TR KSL97-10

Russell, S., & Wefald, E. 1991. Do the right thing: Studies in limited rationality. MIT Press.

Sloman, A. 1987. Motives, mechanisms and emotions. Cognition and Emotion, 1, pp 217-234.

Tversky, A. & Kahneman, D. 1983. Extensional versus intuitive reasoning: the conjunction fallacy in probability judgement. Psychological Review, v. 90 n.4.

VelÆsquez, J. 1998. When robots weep: emotional memories and decision-making. AAAI98.

Wilkins, D, & Myers, K. 1998. A Multiagent Planning Architecture. Conference on AI Planning Systems (AIPS98)

Young, M. 1999. Cooperative plan identification: constructing concise and effective plan descriptions. AAAI99.