Rapid Reinforcement Learning forReactive Control Policy Design in Autonomous RobotsAndrew H. Fagg*David Lotspeich#Joel Hoff*George A. Bekey*af0a@robotics.usc.edulotspeic@robotics.usc.eduhoffj@robotics.usc.edubekey@robotics.usc.eduRobotics Research Laboratory and Center for Neural Engineering*Department of Computer Science and #Department of Industrial & Systems EngineeringHenry Salvatori Building #300University of Southern CaliforniaLos Angeles, California 90089-0781AbstractA key property of Artificial Life systems is their ability to autonomously learn from experiencewhile behaving within a dynamic environment. By autonomous learning, we mean that a system iscapable of acquiring control programs with little information provided by some external teacher. Tothis end, we have developed a neural-based reinforcement learning architecture for the design ofreactive control policies for an autonomous robot. Reinforcement learning techniques allow aprogrammer to specify the control program at the level of the desired behavior of the robot, ratherthan at the level of the program that generates that behavior. In this chapter, we address the issue ofstate representation which can greatly affect the system’s ability to learn quickly and to apply whathas already been learned to novel situations. Finally, we demonstrate the architecture as appliedtowards a real robot that is learning to move safely about its environment.IntroductionTraditional methods of constructing intelligent robotic systems, employing artificial intelligence-based techniques, have met great difficulties in application to real-world problems. Such systemshave often required a tremendous amount of computational power in order to make control decisions, andthus have sacrificed the ability to make decisions in real time. In addition, these systems must makemany assumptions about the information that is supplied by the sensory processing subcomponents orabout the results of actions that are taken. When these assumptions become invalid (which istypically the case when presented with a dynamic environment), these systems become brittle, and

2they are ultimately unable to reliably accomplish their mission.Reactive or behavior-based control systems have been offered as alternative methods to these moretraditional techniques of designing robotic control systems (Arbib, 1989; Arkin, 1990; Bekey & Tomovic,1986; Brooks, 1986; Brooks, 1991). These approaches embody two key principles. First of all, the controlproblem is decomposed into a set of simple computing modules, each of which may be designed andimplemented separately. Secondly, each module extracts only the information that it needs in order tomake a reasonable decision. This approach contrasts significantly with traditional AI approaches, inwhich the sensing system is used to update a global world model, from which all decisions are thenmade.However, despite some of the recently reported successes of reactive or behavior-based approaches,hiding behind most successes is a graduate student who spends many hours carefully designing, testing,and redesigning the set of control modules, until the desired behavior is achieved (some exceptions tothis include Maes & Brooks (1990) and Mahadevan & Connell (1992)). One reason that this process is solaborious is that it is typically very difficult for a programmer to put herself in the shoes of the robot,and truly understand the information that is being provided by the (often imperfect) sensingsubcomponents, as well as understand the range of possible outcomes of actions taken by the robot. Inaddition, when a robot is picked up and placed into a new environment, there is no guarantee that thecontrol program will continue to function as desired (Verschure, Kr�se, & Pfeifer, 1992).One possible approach to these difficulties is the application of a reinforcement-based learningtechnique (Barto & Bradtke, 1991; Barto, Sutton, & Anderson, 1983; Samuel, 1967; Sutton, 1988; Watkins& Dayan, 1992; Williams, 1987). Here, the programmer (or teacher) provides the robot with only anevaluation of its behavior. In our case, this evaluation is a scalar score that is potentially (but notnecessarily) given for each control decision that is made by the controller. We refer to the manner inwhich the reinforcement information is computed as the reinforcement policy. Based upon this abstractrepresentation of the desired behavior, the task of the learning system is to infer a reactive controlstrategy that satisfies the reinforcement policy provided by the teacher1.

1By satisfies the reinforcement policy, we mean that positive reinforcement is maximized and negative reinforcement

3From the teacher’s point of view, this approach appears to be much simpler than actually hand-coding a control program. However, the problem of programming still exists - we have just deferred alarge part of the problem to a learning algorithm. When positive (or negative) reinforcementinformation is made available by the teacher, the algorithm must decide what was appropriate (orinappropriate) that led to receiving the reinforcement. We refer to this as the structural creditassignment problem. In addition, it is possible that reinforcement information only becomes availableafter some unknown delay from the time that a critical action is taken. Computing when these criticaldecisions are made is known as the temporal credit assignment problem.These two problems can further conspire to make the learning problem very difficult. For example,the reinforcement that is delivered to the learning system might be a function of an entire sequence ofactions taken by the robot. In these situations, it is only after the robot has taken several differentcombinations of actions, that the learning algorithm can begin to infer the structure of the problem.One key issue in this information gathering process is that of generalization: how does the learningalgorithm apply what has already been learned to the current situation, even though it has neverexperienced exactly the same situation before? The way in which a neural learning algorithm2generalizes is determined to a large degree by the manner in which state (the current situation) isencoded as a pattern of neural activity. Purely localist representations (Barto & Bradtke, 1991; Barto,et al., 1983; Watkins & Dayan, 1992) utilize non-overlapping patterns of activity for each possiblestate that the system might encounter. Such an approach suffers because it scales poorly with anincreasing number of state variables. In addition, neighboring states are not able to share informationwith one-another, requiring that the system visit all states during the learning process in order toensure a reasonable control policy.On the other end of the spectrum are the completely distributed representations, such asbackpropagation-based techniques (Williams, 1987), where every hidden unit participates to somedegree in each learned mapping. Although such approaches allow for generalization between states, is minimized.2This statement is actually applicable to other forms of learning.

4

52.Environmental exploration.For each different task, the teacher chooses an appropriate reinforcement policy. Thisreinforcement policy expresses a mapping from an observed behavior to a scalar evaluation of thatbehavior. For example, one possible reinforcement policy for task 1 is to punish the robot when itcollides with an obstacle (reinforcement = -1), and otherwise no information is given (reinforcement =0). From this sparse information, the learning control system must acquire a control policy that reliablykeeps the robot from receiving the negative reinforcement.Network ModelThe general network architecture is depicted in Figure 2, and has evolved from our work onmodeling of primate visual/motor conditional learning (Fagg & Arbib, 1992). The network maps thecurrent sensory inputs into appropriate actions. Inputs from five sonar units, and two bumpers (

I

)activate a particular pattern activity across the feature detector layer (

F

). The feature detector unitsthen interact with one-another through a cooperation/competition mechanism to contrast-enhance thisactivity pattern (

G

). The result is that individual feature units (

Gj

) become active in response tospecific conjunctions of inputs.These units then vote for a favored set of actions at the action-selection layer (

A

). The votes fromthe set of active feature detector units are gathered together at each action through a summationoperation. The one action with the highest activity is chosen to be executed for the current time-step.The six possible actions that may be taken are defined by: {Left, Straight, Right}x{Forward, Reverse}.After action execution, the teacher responds by providing a reinforcement signal. This signal is usedto update the connection matrices

W

and

′W

.In the interest of computational efficiency of the simulation, the unit dynamics are implemented asa one-pass computation (as opposed to a set of differential equations that must be integrated). Thesensory vector (

I

) consists of one neuron for each bumper sensor (active if touching something), and fourneurons each for the sonar inputs; distances are coded in these sub-vectors using a gaussian codingscheme. The mapping from sensors (

I

) to feature detector units (

F

) is implemented as a simple matrix-

6localWinner-Take-AllWinner-Take-AllFeatureDetectorsActionsLFSFRFLRSRRR

Output Action

W’FAInputssonarsbumpers

WIRGFigure 2: The general network architecture. The sensor inputs activate a set of feature detector units.Those units remaining after the local Winner-Take-All operation is performed instantiate votes for oneof six actions (LF = left forward, SF = straight forward, ... , RR = right reverse). The one action unitwith the highest number of votes is output for execution.vector operation:

Fj = hj Wij * Ii ( ) i∑ + Noisej

(1)where

I

and

F

are vectors representing the input unit activities and the feature detector inputs,respectively.

Wij

is the connection strength from input unit i to feature detector j.

Noise

is a vector of random signals that are injected into the feature detector units.

h j( )

is a non-linear function parameterized by j (See Appendix A)The contrast enhancement function at the feature detector layer is implemented by a local winner-take-all operation. Unlike the standard winner-take-all algorithm (e.g. Didday, 1976), a particularunit only has an effect over a small neighborhood of the feature detector field, thereby segmenting itinto regions of activity similar to that discussed by von der Malsburg (1973).This interaction amongst the feature-detector units is implemented according to the rule:

7^{Winnerj = 1 if Fj = j− N≤m≤ j+NMax Fm{ }0 otherwise}(2)where:N defines a local neighborhood of feature detectors.The feature detector output activity vector (G) is then computed by:

Gj = Fj if Winnerj =1 γFm if Winnerj = 0 and Winnerm =1and mis close to j 0 otherwise

(3)where:the distance from m to j is small relative to N (we use the term local neighborhood to describethe set of such m’s).This contrast-enhancement operation serves a vital role in the assignment of credit during thelearning process. Through its application, it is guaranteed that only a small number of units in thefeature detector layer actually become active at any one time (and thus instantiate their votes at theaction selection layer). When reinforcement information becomes available, identifying those featuredetector units that are responsible for the selected action (so that learning can occur) will be a muchmore precise computation. This point will be elaborated further in the Discussion section.The action votes are collected by the action selection units :

Ak = ′Wjk *Gj ( ) j∑ + Nois ′ek

(4)The action that is output is action p such that:

Ap = Maxk Ak{ }

(5)Once the selected action is executed, a new set of sensory inputs is presented to the network and theprocess of selecting an action is repeated.Network LearningIn parallel to the execution process described above, the learning algorithm makes updates to the

8weight matrices

W

and

′W

(Figure 2) based on the reinforcement information (

R

) that is receivedfrom the teacher. The sign of the reinforcement signal indicates the appropriateness (

R> 0

) orinappropriateness (

R< 0

) of the r e c e n t b e h a v i o r of the robot, and the magnitude of the signalrepresents the degree of (in)appropriateness. Inherent in this definition is the fact that an entiresequence of actions may contribute to the final reinforcement signal that is provided by the teacher.Thus, the learning algorithm is faced with propagating current reinforcement information backwardthrough time in such a way that the recent actions are updated appropriately.At the level of the individual feature detector, the intent of learning is to:1.Discover behaviorally-relevant conjunctions of signals from the input layer, and2. Based upon the recognition of such a feature, discover the action or set of actions that aremost appropriate.Weight Matrix Configuration and InitializationThe projections from sensory inputs to feature detectors and feature detectors to outputs are sparseprojections in that only a subset of all possible connections are actually made. Before an experimentbegins, this subset is selected at random. The initial connection strengths are set such that relative to asingle feature detector unit j:

Wij = 1bj if Wij is in the subset 0 otherwise

(6)where

bj

is the number of connections in the subset projecting to j; and

′Wjk = 1′bj if ′Wjk is in the subset

(7)where

′bj

is the number of connections in the subset projecting from unit j. In addition, the followingconstraints hold before learning begins, and will be enforced at each learning step:

Wij i∑ =1

(8)

′Wjk k∑ =1

(9)

9Weight UpdateWe will first consider the structural credit assignment problem , w h i c h s t a t e s : g i v e n s o m e i n s t a n t a n e o u s s t a t e o f t h e n e t w o r k a n d a r e i n f o r c e m e n t s i g n a l ,

R

, how is blame assigned to theindividual weights represented in

W

and

′W

?Suppose that the execution of the most recent action yields a positive reinforcement signal from theteacher. In order to increase the probability of making the same decision the next time the same (orsimilar) situation arises, two things must be done. First of all, we must insure that the same set offeatures are recognized (i.e. the identical set of feature detector units are turned on). This isaccomplished by increasing the strengths of the synaptic weights from the currently active input unitsto the active feature detector units. Second, given that the same set of features are recognized, the sameaction must be taken. This is captured by increasing the strength of the synaptic weights from theactive feature detector units to the selected action.On the other hand, suppose that a negative reinforcement signal is received from the teacher. Theselection of the incorrect action may be due to one of two cases. First of all, the incorrect set of featuredetector units may have been selected. If this is the case, then the connection strengths from thecurrently active input units to the active feature detector units should be decreased. The next time thatthe same situation arises, the total input to these feature detector units will be weaker, giving themless of a chance to win the local winner-take-all competition. In the second case, the set of featuredetector units is correct, but the selected action is incorrect. For this case, the connection strength fromthe active feature detector units to the selected action is decreased, thus reducing its future probabilityof being selected. One difficulty is that the system does not know which of the two cases are the correctassessment of blame. We therefore choose to update both sets of weights together.The update rule for both the positive and negative reinforcement cases may be expressed by:

ΔWij = α RIi Gj Wij

(10)

Δ ′Wjk = ′α RGj Âk ′Wjk

(11)

10where:

α

and

′α

are learning rate constants.

Â

is a vector in which all elements are 0, except for the p th element, where p is the winninga c t i o n .

Ii Gj Wij

and

Gj Âk ′Wjk

are measures of the responsibility of specific synapses in the lastdecision (synapses between input unit i and feature detector j; and feature detector j andaction unit k, respectively). We refer to these measures as the instantaneous eligibility ofthe synapse.Finally, the new connection strengths are computed by adding in the delta values and thennormalizing:

Wij = Wij + ΔWij ( ) Wmj + ΔWmj ( ) m∑

(12)

′Wjk = ′Wjk + Δ ′Wjk ′Wjp + Δ ′Wjp ( ) p∑

(13)As it is used here, normalization provides several important computational properties. First, itensures that the connection strengths are both bounded and not all connection strengths willsimultaneously approach zero. Second, normalization implements a form of competition between thedifferent inputs into an individual feature detector (equation 12). This ultimately ensures that afeature detector is responsive to only a small set of situations. Third, because we are normalizing acrossthe outputs of the feature detector, a competition is implemented between the different actions that thefeature detector might support (equation 13). We simultaneously make sure that at least one action issupported, and encourage support for only a small number of the possible actions.This formulation of credit assignment (equations 10-13) works as long as an appropriatereinforcement signal can be given immediately after every action is made. However, because theteacher is evaluating the overall behavior of the robot, such a reinforcement policy may not exist or beeasily determined by the teacher. For this reason, the learning algorithm must be able to correctly

11determine what effect actions in the past may have had upon the current reinforcement signal. This isreferred to as the temporal credit assignment problem. Our approach uses three learning mechanisms toapproach this problem: eligibility, reinforcement prediction, and weight solidification. In thefollowing sections, we show how each mechanism is implemented, and how the learning algorithmdefined initially in equations 10 and 11 evolves as these mechanisms are included in the overalllearning algorithm.EligibilityThe concept of eligibility was first introduced by Klopf (1982) and later used by others, includingBarto, et al. (1983). The eligibility of a weight is defined as a temporal memory of a synapse’sparticipation in recent action decisions, and is computed as follows:

τ d eijdt = − eij + Ii Gj Wij

(14)

′τ d ′ejkdt = − ′ejk +Gj Âk ′Wjk

(15)where

eij

and

′ejk

are the eligibility measures.

τ

and

′τ

determine the temporal width of the memories.Finally, the weight updates become:

ΔWij = α Reij

(16)

Δ ′Wjk = ′α R ′ejk

(17)with normalization being computed in the same manner as equations 12 and 13.By this definition of eligibility, the assignment of credit or blame for a reinforcement signal isgiven with the highest weight to the most recent action decision that was made, and exponentiallydecreasing weight for decisions that were made further back in time. One key aspect of this definitionof memory is that the number of memory elements does not depend upon the size of the time windowover which the memories are stored, and only depends upon the number of synapses in the network.

12Reinforcement PredictionEligibility provides a simple means by which credit can be assigned to a sequence of controldecisions. However, the propagation of reinforcement information is limited to a fixed window of timedefined by the decay of the eligibility memory. It is thus possible that a critical decision occurs outsideof this window, and therefore would not receive any reinforcement information. As a result, the controlnetwork cannot learn to behave properly when an action and the corresponding reinforcement signal areseparated by a length of time that is greater than that of the eligibility memory.This problem is approached in this work through the method of reinforcement prediction (Sutton,1988). Suppose that we have a prediction network

P x t( )( )

that maps the current state of the system(

x t( )

) into a measure of the expected future reinforcement (relative to a fixed control policy). Moreexplicitly:

P x t( )( ) = E λ τ − t R τ( ) τ =t∞∑

(18)where:

R t( )

is the reinforcement received at time t.

λ

is the discount factor for future reinforcement.The function

P x t( )( )

can be viewed as the goodness of being in state

x t( )

. Now observe that:

P x t( )( ) = E λ τ − t R τ( ) τ =t∞∑ = E R t( )+λ λ τ − t− 1R τ( ) τ =t+1∞∑ = E R t( )+λ P x t +1( ) ( ) { }

(19)And define:

′R (t) = R(t)+λ P(x(t +1))− P(x(t))

(20)where:

P x t( )( )

and

P x t +1( ) ( )

are observations along a specific action path.

R t( )

is the reinforcement received after the action is executed at time t.

13^{′R (t)} can be interpreted as a measure of the deviation of the actual reinforcement received fromthat which was expected by the prediction network (for an individual time-step). In other words, if

′R t( ) > 0

, then the system performed better in the last time-step than it expected to perform; and when

′R t( ) < 0

, the system performed worse than expected. This measure can be used as an internally-generated reinforcement signal, that has the potential for delivering more meaningful reinforcementinformation at every instant that a decision is made, even when the teacher is providing a very sparsereinforcement signal.It is important to note that the function

P x t( )( )

is also relative to the control policy implementedby the control network. As this control policy adapts through experience, so must this predictionfunction. In this work, we make use of the method of Temporal Difference Learning (Sutton, 1988) toacquire the prediction function. This learning process is performed in parallel with the adaptation ofthe control network. This algorithm is given in Appendix B.The

′R (t)

that we compute from the non-stationary control policy has several importantproperties:¥The measure rewards incremental improvements in performance. When the controller discoversan action that leads to a higher level of performance than what was expected, the control networkadjusts itself such that the probability of executing the same action given a similar situation isincreased. This results in an overall improvement in the system’s performance. The prediction networkquickly adapts itself such that it expects this new level of performance. At this point, execution of thesame action yields a null internal reinforcement signal, and a positive signal is only received if a newaction further improves the performance.¥The above implies that even when the teacher only provides negative reinforcement as a wayof specifying the desired behavior, the internal reinforcement signal can provide positivereinforcement information for actions that cause the system to receive less negative reinforcement thanit was receiving earlier.¥More effective propagation of reinforcement information through time. Consider a controllerthat has learned for all points in the set A (Figure 3) the correct sequence of actions to drive the system

14?ApzFigure 3: State space representation of acontroller’s actions. For those pointswithin set A, the controller knows thecorrect sequence of actions to drive thesystem to point p, where positivereinforcement is received. However,outside of set A, the system has not yetlearned the correct actions. By using R’ asthe reinforcement signal, the system isable to deliver a large amount of positivereinforcement to network when theboundary is crossed from point z to a pointin set A. This is the case even thoughreinforcement from the teacher is stillseveral time-steps away.to point p, where it receives positive reinforcement fromthe teacher. Outside of set A (e.g. point z), however, thesystem does not know how to get reliably to point p, and inthese cases, generates random actions. Once the system hasvisited the points in set A a number of times, the expectedfuture reinforcement will become equal to what is receivedat point p (with some discount in the number of stepsrequired to reach p). Thus, the internal reinforcement formoving from any of these points towards p will effectivelybe zero.For the case of point z, the expected futurereinforcement will be small, if not zero, and expectedinternal reinforcement will also be zero (because from pointz, the system will tend to wander aimlessly outside of theset A). However, there is some probability that an action chosen at state z will take the system into apoint within A - i.e. from a state with low expected future reinforcement to a state with high expectedfuture reinforcement. As a result, the internal reinforcement signal will be high, thus rewarding theaction that brought the system into A. This is the case even though the actual reinforcement from theteacher is still several time-steps away.¥Prevention of over-learning. If the external reinforcement signal is used to update the controlnetwork, weight updates will continue to be made when positive reinforcement is received, even if thenetwork is already completely committed to the correct action. This can cause problems in terms ofunnecessary interference with learning in other nearby regions of the state space. By using

′R

as thereinforcement signal, the system only adjusts its weights as long it is necessary to ensure commitment tothe correct action(s), and then learns no further. Thus, other regions of the state space can be learnedmore easily, and more neural hardware can be reserved for learning during later experiences.The updated network architecture is shown in Figure 4. The prediction network is implemented as a

15sonarsbumpersFeatureDetectorsPossibleActionsLFSFRFLRSRRR

Output Action

WW’IFAInputs

PReinforcementPredictionComputationof InternalReinforcement

R’RGFigure 4: Modified network architecture. The reinforcement information from the teacher is firstcombined with the output of the Predictor Network to produce an internal reinforcement signal, R’. It isthis signal that is used to update the weights in the control network. The Predictor Network (P) isimplemented as a linear function of the feature detector outputs (G).linear neural network, with the feature detector activity vector (

G

) serving as the input. Theenvironmental reinforcement signal (

R

) is now combined with system’s prediction of reinforcement togenerate an internal reinforcement signal (

′R

). This signal is not only used to update the connectionsinvolved in the action selection process (

W

and

′W

) (in equations 16 and 17,

R

is replaced with

), italso serves as an update signal for the prediction network (

P

).Although we have argued here that reinforcement prediction can produce more useful reinforcementinformation than eligibility, in practice both mechanisms are useful. This comes from the fact that ourearlier assumption that

P x t( )( )

accurately predicts the expected future reward does not always hold.This is especially the case early in the learning process or after a major change is made to the controlnetwork. During these times, the learning algorithm relies upon the eligibility measure of creditassignment in order to quickly learn simple associations, essentially bootstrapping the control networkto a partial level of performance.

16Weight SolidificationOne problem with an incremental learning algorithm such as the one presented here is its tendencyto forget past experiences unless they are re-lived constantly. In a robot learning task, such as learningto avoid obstacles, this problem manifests itself in the following manner. First, the robot learns whatit must do after it has collided with an obstacle. From there, it learns to anticipate the coming collisionand takes the appropriate action to avoid the obstacle. After this point in time, however, the robotnever (or rarely) visits the part of the state space in which it is in contact with the obstacle. Because itdoes not experience this region of the state space very often, the program that it has already learnedfor this region is slowly erased due to interference effects with other states. The result is that when therobot accidentally comes in contact with an obstacle, it will no longer know how to deal appropriatelywith the situation.One way in which this problem can be solved in the proposed architecture is to halt the learningprocess for elements of the control network that reliably produce positive internal reinforcement. Thisis implemented by introducing a measure of a feature detector’s participation in programs that tend toreceive positive internal reinforcement:

Rj (t) = thresh R' τ( )( )*Gj τ( ) τ =0t∑

(21)where:

Rj t( )

is the measure of feature detector j’s tendency to participate in programs that performwell (up to time t).

thresh z( ) = z if z > 0 0 otherwise

(22)The plasticity of the connections related to feature detector j is modulated by:

Mj t( ) = e− Rj t( )*accum_rate

(23)where:

accum_rate

is a parameter that determines how quickly

Mj t( )

goes to zero as

Rj t( )

increases.

17^{Mj t( )} always falls within the range [0,1]the weight update equations then become:

ΔWij = α R'eijMj

(24)

Δ ′Wjk = ′α ′R ′ejkMj

(25)Experimental ResultsIn this section, we illustrate the behavior of the system through a series of learning experiments.At this time, we are especially interested in understanding how the reinforcement policy affects thelearned behavior.Experiment 1: Collision AvoidanceThe collision avoidance problem has been a major focus of our experimentation, in which severaldifferent reinforcement policies have been explored:1. Punish running into an obstacle. When this policy is used, the network has a difficult timedetermining which action is appropriate, because it is only being told when an action was a bad choice.As a result, the system must spend a significant amount of time searching for the action that willproduced the desired behavior.2. Reward not running into an obstacle. The network often quickly discovers a one-move localminimum that satisfies the basic requirements of the behavior. An example of this is always making aforward right turn, causing the robot to move in a circle. The network very quickly and completelycommits itself to this simple strategy, and when later faced with a new situation (such as an obstacle inthe path), it is very difficult for the robot to explore alternative actions.3. Punish running into a wall and reward for not. Two sub-cases are possible:3A. |Punishment| < |Reward|. This type of policy enables the robot to develop short cycles ofmovements, which result with overall positive reinforcement. When faced with an obstacle, a verycommon behavior that is learned is one in which the robot moves forward, collides with the obstacle,backs up one step, and then repeats the process. Even though this strategy receives negative

18Sensory InputsSupportedActions

Mid Range Left SonarFar Range Left SonarFar Range Up SonarStraight Forward

Front BumperNear Range Forward SonarMid Range Up SonarFar Range Up SonarStraight Reverse

Far Range Up SonarStraight Forward

Rear BumperFar Range UpRight ForwardLeft Forward

Near Range Forward SonarMid Range Forward SonarNear Range Right SonarLeft Reverse

Figure 5: Five common feature detectors andthe actions for which they vote. Over a setof several learning experiments (policy 3B),these rules (with some variation) wereconsistently learned.reinforcement for the collision, it makes up for it byensuring that it receives a higher degree of positivereinforcement at the next time-step.3B. |Punishment| > |Reward|. This policy producescontrol programs that perform the best for the collisionavoidance problem. This is due to a balance betweenpolicy 1 (from above), where learning requires a longtime, and policy 2, where learning happens so quicklythat the system does not have adequate opportunity toexplore the control space.Figures 5 and 6 show the learning results of usingpolicy 3B to solve the collision avoidance problem (seeAppendix E for the reinforcement policy parameters).Figure 5 tabulates a number of the feature detectors thatwere commonly learned over several experiments, andthe actions that these feature detectors supported. Inmany cases, the input units that activate the featuredetectors logically match the preferred actions.Figure 6 shows the actual and internal reinforcementsignals as learning takes place. We see a significantimprovement in performance up through about 300 time-steps (as measured by the actual reinforcement curve). Also note that the internal reinforcement beginsto deviate from the actual reinforcement curve at about 100 time-steps, demonstrating that thereinforcement predictor has begun to learn something useful. By the 600th time-step, this curve hasleveled off, indicating that the predictor has learned to anticipate reinforcement to the best of itsability, and that the controller learning has stopped.

19

20

Rapid Reinforcement Learning for Autonomous Robots 21

Rapid Reinforcement Learning for Autonomous Robots

22Coding StateOur primary contribution has been an attempt to identify more efficient coding schemes for statespace representation. In this case, efficiency constitutes the amount of experience necessary to yield acompetent reactive policy (how many times does one need to visit different regions of the state space),and the amount of time required to actually learn the policy. For the robot experiments describedabove, learning was performed in real time (as the actions were being executed by the robot), and therobot was allowed at most 60 minutes to acquire its program (about 2000 time steps). These results arepossible through a combination of the reinforcement predictor (as discussed earlier), and the input statecoding scheme used at the feature detector layer.The feature detector learning algorithm is similar to the Kohonen self-organizing feature map(Kohonen, 1989) in two key ways:1.Feature units are allocated to the input space in a distribution that reflects the set of inputsthat is actually presented to the system. Thus, computing hardware tends to be devoted only to areas ofthe input space where it will be needed.2.At the local level (looking at a neighborhood around a feature detector), the mapping frominput space to feature space is somewhat topology preserving. What this means is that two similarinput patterns will map to close neighbors in the feature detector space. As the two input patterns moveaway from each other, the likelihood that their feature detector representations share overlappingunits drops quickly.However, there are several important differences:1.The allocation of feature detectors across the input space is not only determined by thedistribution of the inputs, but this distribution is biased by the behavioral relevance of finelypartitioning specific regions of the input space. In other words, regions of the input space that share acommon set of appropriate actions will tend to be allocated a smaller number of feature detectors.However, if the set of appropriate actions changes quickly within a small region of the input space,then a larger number of feature detectors will be concentrated in this region.2.The connection matrix from input units to feature detectors is sparse. Hence, an individual

23feature unit will have only a limited perspective on the actual input state. Computationally, this canbe important: there are many cases when we would like to make a decision based upon only some subsetof the input state, and not be distracted by incidental associations with other irrelevant elements. Asan example, consider the situation when the robot moves forward and collides with an obstacle. One ofthe most important associations that must be made immediately is that given a tactile input to thefront, the robot should choose to move backwards. This choice should be made in general and should notdepend upon other contextual information. 3.Unlike the Kohonen algorithm, more than one feature detector unit is allowed to become activeat any one time (as determined by the local winner-take-all computation). This property ensures thatdespite (2), the entire relevant input space can be represented in the population of active featuredetector units.Similarities can also be drawn to the work of von der Malsburg (1987). In this style of self-organizing feature map, the dynamics of the local winner-take-all mechanism allow for the formationof a standing wave (multiple peaks) in the feature layer. Learning the map from input space to featureunits is implemented using a normalized Hebbian algorithm. The result is a topology preserving map:as the input slowly changes its position in the input space, the standing wave shifts its position.In our work, rather than a perfect topological representation, what tend to form are fractionatedtopologies. In other words, islands in the feature detector space will form, within which a topologicalrelationship can be identified. However at some boundary, the topological relationship ceases to hold.Often in the experiments described above, islands would form such that one end of the island wassensitive to obstacles far in front of the robot. As the robot moved closer to an obstacle, the pattern ofactivity within the island would slowly shift to the other end (the physical feature detector space isonly one-dimensional, and hence an island has only has two ends). At either end of the islands, featuredetectors would be involved in other aspects of the task (not related to detecting the position of therobot relative to an obstacle in front of it), or would not be involved at all in the decision process.Efficient state space representation for reinforcement learning as applied to robot learning has alsobeen addressed in Mahadevan & Connell (1992) using statistical clustering techniques.

24Learning the Appropriate Action to GenerateThe local winner-take-all o p e r a t i o n a t t h e f e a t u r e d e t e c t o r l a y e r e n s u r e s t h a t o n l y a s m a l l s u b s e t of feature units become active at any one time. Therefore, moderately different input activity patternsa c t i v a t e d i f f e r e n t s e t s o f f e a t u r e d e t e c t o r u n i t s . B e c a u s e o f t h i s p r o p e r t y , a n d b y t h e n a t u r e o f t h e Hebbian/Anti-Hebbian algorithm, learning that is performed in one region of the feature space tendsnot to interfere with learning in other regions of the space, as is the case with backpropagation-basedreinforcement learning algorithms (Williams, 1987).This style of mapping an intermediate representation of the input state onto some output value iss i m i l a r t o w h a t i s d o n e i n t h e C M A C m o d e l ( A l b u s , 1 9 7 5 ) . H e r e , a h a n d - s e l e c t e d h a s h i n g f u n c t i o n activates a small subset of intermediate units. The hashing function is such that the closer two distincti n p u t p a t t e r n s a r e i n t h e i n p u t s p a c e , t h e m o r e t h e c o r r e s p o n d i n g s e t s o f i n t e r m e d i a t e u n i t s w i l l overlap. The key difference in our architecture is that the ’hashing function’ is not selected by hand,but is rather developed based upon the representational requirements of the task.ConclusionsReactive or behavior-based systems have been offered as alternative approaches to the moretraditional AI-based techniques for the design of intelligent control systems for autonomous robots.Their ability to deal with uncertainties in sensing and in action generation, as well as their limitedcomputational requirements have allowed them to demonstrate some level of success beyond that of AIsystems. However, these systems are constructed in a trial-and-error fashion, and can often require longperiods of programming time to reliably achieve the desired behavior. Moreover, the determination ofan appropriate control program is something of a black art where the criteria is �Does it work?�.This paper has presented an approach to constructing reactive control systems that allows theprogrammer (or teacher) to specify only the desired behavior of the program. This specification comesin the form of a reinforcement policy (rewards and punishments for certain behaviors that the robotexhibits), from which the learning algorithm must infer a control policy that attempts to maximize therewards and minimize the punishments that are received. Specifying programs in this way is useful

25because the specification happens at a level that is easy for the programmer to express and understand,and yet the programs are evaluated within the environment in which they must ultimately perform.The problem of programming, however, has not gone away. It has only shifted from specifying setsof reactive rules to specifying reinforcement policies that lead the learning system to discover sets ofrules that accomplish the desired task. As was demonstrated in our experiments described above, thissecond process is also an iterative one, where the final behavior is observed, the reinforcement policy isadjusted, and the learning process is then repeated.The current challenge is to construct principles from which reinforcement policies can be designed,such that the time required to learn a desired behavior is minimized. With this goal in mind, twodirections are being pursued:¥Staged Learning is a technique in which partial solutions to a problem are first taught to therobot before it is expected to solve the entire problem (Lewis, Fagg, & Solidum, 1992; Lin, 1993). This isaccomplished by first presenting the robot with a reinforcement policy that encourages thedevelopment of the partial solutions. Once the robot has obtained this intermediate level ofcapability, the reinforcement policy is changed such that the robot is then required to solve the entireproblem in order to receive positive reinforcement. This technique can be used to lead the robot along aspecific path of learning, significantly reducing the amount of search that is necessary to discover aprogram that produces the desired behavior. The behavior-based decompositions for the learningsystem described in (Mahadevan & Connell, 1992) also has some interesting parallels to stagedlearning.¥Learning by Demonstration is an approach in which motor programs are demonstrated to therobot by the human (Fagg, 1993; Handleman & Lane, 1993; Lin, 1993; Liu & Asada, 1992). The robot firstlearns to mimic the behavior of the human through a more supervised learning approach.Reinforcement learning is then applied to further refine the learned motor programs such that they arebetter matched with the robot’s own sensory and actuation abilities.

26AcknowledgmentsThe authors would like to thank Dr. Michael Arbib, Gaurav Sukhatme, Mike McHenry, MonicaJan, Nicolas Schweighofer, Tony Lewis, Man-Wai Jason Chu, Parag Batavia, Anand Ramakrishna,Dan Spitzley, and Mathew Lamb for their comments, suggestions, and help during the course of thiswork. The neural model has been implemented in NSL (Neural Simulation Language (Weitzenfeld,1991)). Some experiments have been performed using the Erratic Robot Simulator, written by KurtKonolige at SRI International. This work has been supported in part by grants from the University ofSouthern California Graduate School, School of Engineering, and Computer Science Department, theHuman Frontiers Science Program, and the National Science Foundation.More information may be obtained at the following locations:Robotics Research Laboratory:http://www.usc.edu/dept/robotics/NSL:http://www-hbp.usc.edu:8376/HBP/tools/NSL/home.html

Rapid Reinforcement Learning for Autonomous Robots

27ReferencesAlbus, J. S. (1975). A New Approach to Manipulator Control: The Cerebellar Model ArticulationController (CMAC).

Transactions of the ASME Journal of Dynamic Systems, Measurement, and

Control, 97, 220-227.A r b i b , M . A . ( 1 9 8 9 ) . S c h e m a s a n d N e u r a l N e t w o r k s f o r S i x t h G e n e r a t i o n C o m p u t i n g .

J o u r n a l o f

Parallel and Distributed Computing, 6 , 185-216.A r k i n , R . C . ( 1 9 9 0 ) . I n t e g r a t i n g B e h a v i o r a l , P e r c e p t u a l , a n d W o r l d K n o w l e d g e i n R e a c t i v e Navigation.

Robotics and Autonomous Systems, 6, 105-122.Barto, A. G., & Bradtke, S. H. (1991). Real-Time Learning and Control using Asynchronous DynamicP r o g r a m m i n g ( T R N o . 9 1 - 5 7 ) . D e p a r t m e n t o f C o m p u t e r S c i e n c e , U n i v e r s i t y o f M a s s a c h u s e t t s , A m h e r s t . Barto, A. G., Sutton, R. S., & Anderson, C. W. (1983). Neuron-like Adaptive Elements That Can SolveDifficult Learning Control Problems.

IEEE Transactions on Systems, Man, and Cybernetics, SMC-5,8 3 4 - 4 6 . Bekey, G. A., & Tomovic, R. (1986). Reflex Control of Robot Actions. In

IEEE International Conference on Robotics and Automation, (pp. 240-47). San Francisco: IEEE Press.B r o o k s , R . A . ( 1 9 8 6 ) . A R o b u s t L a y e r e d C o n t r o l S y s t e m f o r a M o b i l e R o b o t .

I E E E J . R o b o t i c s a n d

A u t o m a t i o n , R A - 2 (RA-2), 14-23.Brooks, R. A. (1991). Intelligence Without Reason (A.I. Memo No. 1293). MIT.Didday, R. L. (1976). A Model of Visuomotor Mechanisms in the Frog Optic Tectum.

M a t h e m a t i c a l

Biosciences, 3 0 , 169-180.F a g g , A . H . ( 1 9 9 3 ) . D e v e l o p m e n t a l R o b o t i c s : A N e w A p p r o a c h t o t h e S p e c i f i c a t i o n o f R o b o t Programs. In G. A. Bekey & K. Y. Goldberg (Eds.),

N e u r a l N e t w o r k s i n R o b o t i c s ( p p . 4 5 9 - 8 6 ) . Norwell, Massachusetts: Kluwer Academic Publishers.Fagg, A. H., & Arbib, M. A. (1992). A Model of Primate Visual-Motor Conditional Learning.

Journal of

A d a p t i v e B e h a v i o r , 1 ( 1 ) , 3 - 3 7 . H a n d l e m a n , D . A . , & L a n e , S . H . ( 1 9 9 3 ) . F a s t S e n s o r i m o t o r S k i l l A c q u i s i t i o n B a s e d o n R u l e - B a s e d Training of Neural Nets. In G. A. Bekey & K. Y. Goldberg (Eds.),

N e u r a l N e t w o r k s i n R o b o t i c s (pp. 255-70). Norwell, Massachusetts: Kluwer Academic Publishers.Klopf, A. H. (1982).

The Hedonistic Neuron. Washington, D. C.: Hemisphere.Kohonen (1989).

Self-Organization and Associative Memory. New York: Springer-Verlag.Lewis, M. A., Fagg, A. H., & Solidum, A. (1992). Genetic Programming Approach to the Constructionof a Neural Network for Control of a Walking Robot. In

Proceedings of the 1992 IEEE Conference on Robotics and Automation, (pp. 2618-23). Nice, France:Lin, J. J. (1993). Hierarchical Learning of Robot Skills by Reinforcement. In

Proceedings of the 1993

IEEE Conference on Neural Networks, (pp. 181-6). San Francisco, California: IEEE.L i u , S . , & A s a d a , H . ( 1 9 9 2 ) . T r a n s f e r r i n g M a n i p u l a t i v e S k i l l s t o R o b o t s - R e p r e s e n t a t i o n a n d A c q u i s i t i o n o f T o o l M a n i p u l a t i v e S k i l l s U s i n g a P r o c e s s D y n a m i c M o d e l .

J o u r n a l o f D y n a m i c

Rapid Reinforcement Learning for Autonomous Robots

28Systems Measurement and Control-Transactions of the ASME, 114(2), 220-8.Maes, P., & Brooks, R. A. (1990). Learning to Coordinate Behaviors. In

A A A I , (pp. 796-802). Boston,M A . M a h a d e v a n , S . , & C o n n e l l , J . ( 1 9 9 2 ) . A u t o m a t i c P r o g r a m m i n g o f B e h a v i o r - B a s e d R o b o t s U s i n g Reinforcement Learning.

Artificial Intelligence, 5 5 , 311-365.Samuel, A. L. (1967). Some Studies in Machine Learning Using the Game of Checkers.

IBM Journal of

Research and Development, 1 1 , 601-17.S u t t o n , R . S . ( 1 9 8 4 )

T e m p o r a l C r e d i t A s s i g n m e n t i n R e i n f o r c e m e n t L e a r n i n g . U n i v e r s i t y o f Massachusetts, Amherst.Sutton, R. S. (1988). Learning to Predict by the Methods of Temporal Differences. In

Machine Learning

3 (pp. 9-44). Boston: Kluwer Academic Publishers.V e r s c h u r e , P . F . M . J . , K r� s e , B . J . A . , & P f e i f e r , R . ( 1 9 9 2 ) . D i s t r i b u t e d A d a p t i v e C o n t r o l : T h e S e l f - Organization of Structured Behavior.

Robotics and Autonomous Systems, 9, 181-196.v o n d e r M a l s b u r g , C . ( 1 9 7 3 ) . S e l f - o r g a n i z i n g o f O r i e n t a t i o n S e n s i t i v e C e l l s i n t h e S t r i a t e C o r t e x .

K y b e r n e t i k , 1 4 , 85-100.von der Malsburg, C. (1987). Ordered Retinotectal Projections and Brain Organization. In F. E. Yates,A. Garfinkel, D. O. Walter, & G. Yates (Eds.),

Self-Organizing Systems - The Emergence of Order(pp. 265-78). New York: Plenum Press.Watkins, C. J. C. H., & Dayan, P. (1992). Q-Learning.

Machine Learning, 8 (3), 279-92.Weitzenfeld, A. (1991). NSL - Neural Simulation Language Version 2.1 (TR No. CNE-91-05). Centerfor Neural Engineering, University of Southern California, Los Angeles, CA.W i l l i a m s , R . J . ( 1 9 8 7 ) . R e i n f o r c e m e n t L e a r n i n g C o n n e c t i o n i s t S y s t e m s ( T R N o . N U - C C S - 8 7 - 3 ) . Northeastern University, College of Computer Science.

29threshjxh (x)j

Figure A.1: non-linearactivation function forfeature detector unit j.Appendix A - Non-linear Activation Function for Feature DetectorsA non-linear activation function is used for the feature detector units (Figure A.1, equation A.1).The non-linear function has a sliding threshold (

threshj t( )

) that depends upon the maximum net inputthat the unit has experienced during its lifetime (equation A.2):

hjt x( ) = x x ≥ threshj t( ) threshj t( )* xthreshj t( ) scale 0 < x < threshj t( ) 0 otherwise

(A.1)

threshj t( ) = Max0≤τ ≤t{Zj τ( )}

( )− offset

(A.2)where:

hjt ( )

is the non-linear activation function for unit j at learning time step t.

threshj t( )

is the sliding threshold for unit j.

Zj t( )

is the net input for unit j at time step t. In other words,

Zj t( ) = Wij * Ii t( ) ( ) i∑ + Noisej t( )

(see equation 1).

scale

is an exponent that determines the steepness the non-linear region.Once the feature detector unit has achieved a high level of input (over the process of learning), inorder for it to become active again, this same high level must be achieved. For lower levels of input,the unit will not activate to any significant degree, allowing otherfeature detector units to win the local winner-take-all competition.

30Appendix B - Temporal Difference Learning AlgorithmThe earlier discussion on reinforcement prediction assumed a mechanism for learning a predictormodule. Here, we briefly lay out the temporal difference learning algorithm due to Sutton (1984, 1988)and show how our architecture makes use of it.The goal is that given some fixed control policy, we want to learn a function

P( )

that maps somerepresentation of the system state at time t (

x t( )

) into an expectation of future reward. More precisely,we want

P( )

to satisfy the following:

P x t( )( ) = E λ τ − t R τ( ) τ =t∞∑

(B.1)We represent

P( )

as a function of some parameter vector

W t( )

and input state

x t( )

, the elementsof which are adjusted through time using the Temporal Difference Learning Algorithm:

W t +1 ( ) = W t( )+μ* R'* υ t− τ ∇ WP x τ( ),W τ( ) ( ) τ =0t∑

(B.2)where:

μ

is the learning rate.

υ

is a discount rate for past experiencesIf we define

W t( )

as:

W t( ) = υ t− τ ∇ WP x τ( ),W τ( ) ( ) τ =0t∑

(B.3)then note that:

W t( ) = ∇ WP x t( ),W t( ) ( )+ υ υ t− τ − 1∇ WP x τ( ),W τ( ) ( ) τ =0t− 1∑ = ∇ WP x t( ),W t( ) ( )+ υW t − 1( )

(B.4)and:

W t +1 ( ) = W t( )+μ* R'*W t( )

(B.5)

31Hence,

P( )

can be learned incrementally, only requiring us to store the vectors

W t( )

and

W t( )

inmemory.In the architecture presented here,

P( )

is a linear function of the feature detector states, i.e.:

x t( ) = G t( )

(B.6)and

P x t( ),W t( ) ( ) = G t( )⋅W t( )

(B.7)Equation B.4 simplifies to:

W t( ) = G t( )+ υW t − 1( )

(B.8)The local winner-take-all component of the algorithm has a tendency to encourage rather differentregions of the input space to map to orthogonal representations in the G vector. This property isimportant in light of our linear representation for the predictor (

P( )

) in that it reduces theinterference due to learning in disparate regions of the state space.

32Appendix C - Primary Variables

Variable

Description

Network Layers

I

Input vector

F

Feature Detector Activity Levels

Winner

Vector indicating local winners in the feature detector layer

G

Feature Detector Activity after local Winner-Take-All

A

Action Selection Activity Levels

W

The matrix representing the connections from

I

to

F

.

′W

The matrix representing the connections from

G

to

A

.

Noise

Noise injected into the Feature Detector Layer (

F

)

Nois ′e

Noise injected into the Action Selection Layer (

A

)Feature Detector Non-Linearity

hjt ( )

Feature detector non-linear activation function for unit j attime t.ZVector of net inputs into the feature detector layer.

threshj

Threshold of non-linearityReinforcement Signals

R t( )

Reinforcement for time t

′R t( )

Internal Reinforcement for time tPredictor

P x t( )( )

Predicted Expected Future Reinforcement for state

x t( )W

Predictor parameters

W

Predictor eligibilitiesEligibility

eij

Eligibility for connection corresponding to

Wije'jk

Eligibility for connection corresponding to

W'jk

Weight Solidification

Rj

Measure of the j’th feature detector’s positive participation ina program

Mj

Synaptic plasticity modulation for feature detector j

33Appendix D - Key Parameters for Robot Learning Experiments

Parameter

Value

DescriptionNetwork ArchitectureInputs24Number of input units.Feature detectors250�Number of feature detectorsOutputs6Number of outputs.N+/-5Neighborhood sizeN’+/-1Local neighborhood size

γ

0.35Local neighborhood activation scale factorConnection Matrix InitializationI_F_Weights_prob0.35Probability of connecting an arbitrary Input/Featurepair.F_A_Weights_prob1.0Probability of connecting an arbitrary Feature/Actionpair.Noisenoise_f_gain0.05Feature noise is uniformly distributed between +/- gainnoise_a_gain0.15Action noise is uniformly distributed between +/- gainFeature detector non-linearityscale4.0Steepness of non-linearity.offset0.05Sensitivity of feature detector.Weight Update

α

0.1Learning rate for

W′α

0.15Learning rate for

′W

Eligibility

τ

1.0Temporal width of eligibility memory for

W′τ

1.0Temporal width of eligibility memory for

Reinforcement Prediction

λ

0.85Discount factor for future reinforcement

μ

0.01Predictor learning rate

υ

0.5Discount factor for past experiences.Weight Solidificationaccum_rate0.05Rate of solidification

34Appendix E - Reinforcement PoliciesThe first condition to match determines the reinforcement given by the teacher.Obstacle Avoidance PolicyHitting obstacle-1.0Not hitting obstacle0.8Environmental Exploration PolicyHitting obstacle-1.0Straight forward movement0.3Forward turn movement0.1Reverse movement-0.8