Learning Humanoid Arm GesturesBryan AdamsHumanoid Robotics GroupMIT Artificial Intelligence Laboratory200 Technology Sq. Cambridge, MA 02139bpadams@ai.mit.eduAbstractWhile biological motion control systems are generallysimple and robust, their robotic analogs tend to be just theopposite. While function has driven many of the controlarchitectures to date, we feel that a biologically-inspiredsystem for monitoring the energy consumption of virtualmuscles can lead to the development of more humanoidmotion and gesture.Animal and Robotic Motion ControlWhile animals of all shapes and sizes are able tosuccessfully move their bodies to perform complicatedtasks such as running or flying, robotic research inmodeling animal movements has progressed slowly. Inpart, this may stem from the fact that most motion controlstructures have taken a very functionalist approach. Inessence, this approach analyzes the physical system of agiven robot and creates a control structure that directlymanipulates these physical properties to create the desiredmovement. While this approach makes a good deal ofsense, the difference between robotic motion (involvingmotors and electricity) and animal motion (often involvingmuscles and a chemical energy source) has caused theresulting systems to deviate enormously from theirbiological inspiration.We have approached this problem looking to thebiological system in humans for inspiration and direction.This approach, though, makes the problem twofold: first,how does the animal motion control system work andsecond, how can we model that system usingcomputational architectures, software, and a robot?Because we are still struggling to understand the biologicalsystem, this would appear to needlessly complicate thetask. However, we feel that expanding the robotic motioncontrol model will result in more effective and human-likegesture creation.Functional FocusBecause robotic motion generally focuses on manipulatingthe environment, the most common type of robotic armcontrol places an emphasis on the desired state of the endeffector (typically a claw or hand). Some simpletrigonometry produces a simple transform that producesjoint angles from a desired position and orientation of thehand. By changing the hand position slightly and re-performing the transform, a series of contiguous anglescreates a trajectory. This method is not completely withoutbiological inspiration. Cruse (1987) examined gestures inseveral different planes of motion and postulated thathuman motor planning is done in part by minimizing the�cost� associated with certain �uncomfortable� joint anglesduring a trajectory. While this work does not directly saythat planning is done on a joint-by-joint basis, it does implythat joint angles are meaningful parameters to monitor andcommand during gesture formation.Many robots have successfully employed this idea ofusing the orientation of the end effector as the basis forgesture formation. For example, the humanoid robot DB inthe Kawato Dynamic Brain Project has used this type ofcontrol to perform several humanoid tasks ranging fromoculomotor responses to more full-bodied tasks such asdrumming and dancing. Schaal and Tevatia (1999)explicitly say:� [M]ovement planning and learning in task space� require appropriate coordinate transformation fromtask to actuator space before motor commands can becomputed.�Their recent work with different computational forms ofthe Jacobian (Schaal and Vijayakumar 2000) has created asystem that is capable of learning fairly general tasks usingthis transform-based method. Their paper cites the robot�sability to learn rhythmic and discrete gestures bymonitoring position, velocity, and acceleration profiles foreach of the joint angles. Through both faster computersand mathematical simplification, the thrust of this approachwas to make this method computationally tractable.While this work is strong from a task-executionstandpoint, it is highly unlikely that this method holds astrong analog to the biological motion control structure.The first and biggest difference is that movement comesnot from simple actuated joints but from the muscles thatattach to the limbs themselves. This distinction is criticalbecause the mapping from muscles to joints is not simple:some muscles span across several joints, thereby causingmotion in several joints from a single muscle (or muscle pair). And while muscles do have sensory organs thatprovide some notion of position and velocity, biologicalresearch has suggested that this feedback is not useddirectly, but instead contributes to a more complex controlsystem. McMahon (1984) demonstrated how some of thepre-cortex control structures might work, and Hogan�s(1990) research on the mechanics of arm movementsuggested biologically sensible �spring-like� model forlimb movement.At the Humanoid Robotics Group at MIT, our humanoidCog employs a simple, spring-based control architecture asthe basis for movement. While sensors in the arm jointssense torque and position, these values are used asfeedback to a simple linear spring law. Under this system,joint angles are not specified directly, but instead are theresult of the parameters of the software spring (equilibriumposition, stiffness, and damping) and properties of theenvironment and limb (gravity, inertia, end load). Usingone simulated spring at each joint, Williamson was able toimplement some simple ballistic gestures using a posturalprimitives model (1996) as well as rhythmic gestures usinga simple neural oscillator (1999).While the system was able to successfully learn to reachfor a visual target with some accuracy (Marjanovic,Scassellati, and Williamson, 1996), this simple spring lawsystem has some limitations. Although the system createsbiologically inspired movement, the sensory informationfrom the arm is far less complex than the feedbackprovided by human muscles. Additionally, the robot�s�muscles� have no memory of the past; the motion of thearm at any given time is determined entirely by its state atthat instant. These limitations are particularly debilitatingwhen the robot is attempting to learn novel, humanoidgestures.Biological Modeling FocusIn response to these shortcomings, we have initiated workexpanding the underlying control architecture in hopes ofcreating a more humanoid learning environment for therobot. The first step has been to broaden our basic musclemodel to include a model for energy consumption.The biochemistry of how muscles turn chemical energyinto movement is understood and generally considered aclosed question. However, despite thorough knowledge inthis area, power consumption issues in robotic arm controlare generally ignored. This is because, obviously, motorenergy consumption is not a critical engineering issue.Either the robot is tethered and therefore afforded anunlimited energy supply or, if the energy supply is limited,consumption is dominated by factors other than actionselection, such as mechanical efficiency or engineeringdesign choice. However, a lack of functional impact in therobotic world does not mean that feedback about energyconsumption is not important to the process of movementorganization and action selection.In Adams (2000), the argument is made that a model ofenergy consumption will help robotic learning in two directways. First, a model of energy consumption allows forgreater equivalency between the robot and those interactingwith it. This is particularly important for imitation-basedlearning. If a human attempts to perform a task, but isunsuccessful due to energy constraints (such as attemptingto hold a heavy object in an awkward position), the robotmust have a concept of why the task was unsuccessful forthe human. Without some basis for understanding the�cost� associated with exertion, the robot is unable todifferentiate an intentional act from a conspecific�s failuredue to fatigue.Second, limitations imposed by this model will help therobot develop along human lines. This is important ininstances where typical robotic ability is more functionalthat of a human. By either providing or failing to curbsuperhuman abilities, we run the risk of failing our researchgoals by allowing the robot to learn human tasks indecidedly non-human ways. For example a camera thatcan sense variations in temperature would be helpful inlocating people in the visual field, yet one is not employedbecause such a device could very well alter the robot�ssocial development in a fundamental way. In the sameway, creating a model of energy metabolism in order toprevent robot�s virtual muscles from exerting themselves ina superhuman way provides humanoid boundaries onlearning new gestures.Robotic ImplementationWe have implemented such a system, called meso, on Cog.Using our message-passing architecture (called sok), thissystem simulates the behavior of the major organs involvedin energy production. Energy is �expended� by monitoringthe torque values sent to the motors; as more torque iscommanded, the metabolic system draws more �energy�from the various organs.The system, in its current implementation, provides asmall set of variables representing chemical levels atdifferent points in the human energy metabolism. Localenergy stores in each of the muscles (or glycogen), generalenergy supply in the bloodstream (or glucose), anddifferent longer-term energy stores such as fatty tissue andliver glycogen are all maintained. These variablescommunicate with each other through simulated chemicalmessengers such as insulin, glucagons, and epinephrine.When the robot exerts a force in one of its joints, thiscauses the local energy store for that muscle to be depletedin proportion with the strength of the exertion. As this fuelsource is depleted, a variety of chemical messengers aretriggered, causing different energy stores to provide energyto �fuel� the motion.Because healthy humans never �run out� of energy, thissystem doesn�t typically interfere with the robot�s motion.The system does have two major impacts on the behaviorof the robot. First, as the robot moves, the rise and fall ofthe different chemical levels provides the robot withmeaningful feedback about the nature of the gesture. If therobot is required to suddenly exert a high level of force, themetabolic system will react differently from a slower butlengthier motion. By using these cues, the robot can, forexample, differentiate one type of gesture over another as being more �energy efficient�. The second impact thesystem has is to prevent exertions that would besuperhuman in nature. If an exertion causes the short-termenergy stores to be depleted beyond their limits, the systemintercedes in the motor command system and reduces theforce output. This introduces the humanoid limits onexertion that encourage proper learning.Any implementation of the metabolic system must dealwith the issue of complexity. While the metabolic systemis well understood at the chemical-reaction level, theinterplay between each of the reactions, if modeledexplicitly, would create a system with unacceptablecomplexity. In fact, for this application, the requirementsare even more stringent: the model must operate on a robotin real-time; hence the complexity of the model must allowthe system to create the proper feedback on the propertimescale.However, creating a model with a reasonable level ofcomplexity can be achieved given our fairly modest goals.The current system only recreates two aspects of humanmetabolism. First, it provides the robot with humanoidbehavioral limits by placing appropriate restrictions on thenearly unlimited power that the robot is capable ofexerting. Second, the model creates the accompanyingmetabolic experience that goes along with testing theselimits. Without entering into the debate of whether a robotactually has �experiences�, it is enough to say that thissystem provides a set of metabolic variables thatcorrespond to the robot�s actions and provide informationregarding the level of exertion. Meso accomplishes thesegoals by treating the metabolism as a simple controlmechanism. While the values of the variables in the modelare not meant to represent actual values found in humans(these vary too greatly for specific values to be useful),they do change in proportion with the human reactions.The levels of the variables in the various processes are thenapplied to the electro-mechanical system to achieve thesecond goal.The time scale for these processes is also significant. Inthe current environment, interactions with Cog are, from ametabolic standpoint, short (i.e., less than one hour).While a small set of individuals do interact with the robotover a period of weeks, months, and years, the robot hasnot yet been designed to accumulate any sort of state over aperiod longer than an hour. As such, this implementationof meso focuses on modeling metabolic effects that happenover roughly an hour. Because developing these longer-term effects could prove beneficial in the future, someconsideration is paid to allowing for future development inthis direction. Many of the long-term metabolic effects canbe represented in this model by dynamically (but slowly)changing the coefficients of the reactions established inmeso. Other long-term metabolic changes could includethe results of a trauma: long periods without nutrients or anunbalanced diet. But because the overall fitness levelrarely (if ever) changes in perceptible ways over short-terminteractions, neglecting this part of the model will notchange the nature of the short-term behaviors.Also, from a biological standpoint, any model of themetabolic system must recognize that each person�smetabolism is entirely different. While the basic chemicalreactions are the same in all people, the higher levelrelationships (for example, the amount that the heart rategoes up for a given amount of work) vary greatly not onlyfrom person to person, but vary for a given person over thecourse of his life. Factors such as genetic makeup,environmental quality, and general fitness level change therelationships greatly, in some cases by an order ofmagnitude. As such, there is no single �right� behavior,but instead a range of values that the system can emulate.In meso, the right set of parameters and associations areestablished, but the specific relations can be manipulated.With that basic framework, future work can model theinfluence of these other more distant (and often longer-term) factors.Finally, the meso system creates a �virtual� metabolicstate for the robot, but stops short of providing easyemotional or behavioral cues. Like the metabolic state inhumans, the sensing of the chemical state of the body isvague and poorly understood. These senses do not result inconcrete thoughts, but instead are thought to create afeeling that may or may not be acted upon by a higher levelof control. While meso provides parameters thatcorrespond to nebulous feelings such as �tiredness�, thecorrect use of this variable to create humanoid behavior isan open question.AcknowledgementsThis work was supported by ONR and DARPA underMURI N00014-95-1-06000 and by DARPA under contractDABT 63-99-1-0012.ReferencesAdams, B. 2000. Meso: A virtual musculature forhumanoid robots. M.Eng Thesis, Department of ElectricalEngineering and Computer Science, MIT.Cruse, H., Br�wer, M. 1987. The human arm as aredundant manipulator: the control of path and joint angles.Biological Cybernetics, 57:137-144.Hogan, N. 1990. Mechanical Impedance of Single- andMulti-Articular Systems. Winters, J. M. and Woo, S. L-Y.,eds. Multiple Muscle Systems: Biomechanics andMovement Organization, Springer-Verlag.Marjanovic, M., Scassellati, B. and Williamson, M. 1996.Self-Taught Visually-Guided Pointing for a HumanoidRobot. In Proceedings of the Fourth InternationalConference on Simulation of Adaptive Behavior (SAB-96),Cape Cod, MA.

McMahon, T. 1984. Muscles, Reflexes, and Locomotion.Princeton University Press, Princeton, NJ.Schaal, S., Vijayakumar, S. 2000. Fast and efficientincremental learning for high-dimensional movementsystems. In Proceedings of the International Conferenceon Robotics and Automation (ICRA2000). San Francisco,CA.Schaal, S., Tevatia, G. 1999. Inverse kinematics forhumanoid robots. In Proceedings of IEEE InternationalConference on Computational Intelligence in Robotics andAutomation (CIRA �99).Williamson, M. 1996. Postural Primitives: InteractiveBehavior for a Humanoid Robot Arm. In Proceedings ofthe Fourth International Conference on Simulation ofAdaptive Behavior (SAB-96), Cape Cod, MA.Williamson, M. 1999. Robot Arm Control ExploitingNatural Dynamics. Ph.D. diss., Department of ElectricalEngineering and Computer Science, M.I.T.