172Chapter 8: Grasp Configuration Learning

In this chapter, we present a model that learns the transformation from visual and taskparameters to an appropriate grasp. The transformation is acquired through a process of trialand error: the simulated robot makes successive attempts at grasping objects and observes theoutcome of the attempts. The degree of success of each attempt is scored by a teacher, which isthen used by the reinforcement learning algorithm to adjust the visual/motor mapping. Afterrepetitively experiencing several different situations, the network learns to perform theappropriate transformations. In addition, individual neurons in the network either alignthemselves with one of the two grasps (precision pinch or power grasp), or come to represent theaperture of the grasp that is executed.

IntroductionThe grasping model presented in previous chapters of this thesis has relied on aheuristically wired network for the transformation from visual and task information into agrasp description. The wiring algorithm requires that the gross behavior of each F5 and AIPmodule be specified a priori by the network "programmer." In this chapter, we demonstratethat such a transformation may be automatically acquired by a network through the use of alearning algorithm. Rather than specifying the intermediate representation of the mapping(behavior of individual neurons), the teacher provides only information about the input/outputpairs of the desired transformation. The learning algorithm makes use of the teaching

173information in adjusting the behavior of individual neurons such that the desiredtransformation is ultimately achieved.In the experiment presented below, it is assumed that the teacher actually does not knowthe exact form of the transformation. In other words, the teacher cannot say what the exactmotor commands are that should be sent to the fingers of our simulated robot given anyparticular situation. However, the teacher is capable of evaluating the performance of a graspthat is executed by the robot. The high-level performance measure of how well the robot did,referred to as the reinforcement feedback signal, is given in the form of a scalar score. In thecase of the grasping task, this score measures two elements: the success and the efficiency of theexecuted grasp (described below in more detail). Based upon this feedback information, thereinforcement learning algorithm (Barto, Sutton, & Anderson, 1983; Sutton, 1988) adjusts theconnection strengths of the artificial neural network so as to maximize the success and efficiencyof the grasps that are executed.Neural DynamicsThe neural architecture (as shown in Figure 8.1), which is significantly simplified fromthat presented in earlier chapters, has been adapted from our work on primate visual-motorconditional learning (Fagg & Arbib, 1992) and work on reinforcement learning for reactivecontrol of a mobile vehicle (Fagg, Lotspeich, Hoff, & Bekey, 1994). The visual and taskinformation that is input into the model is represented as an activity pattern across a setneurons (V). A total of 11 neurons are used in this layer: three represent object type (cylinder,cube, and plate), three represent length (short, medium, long; note that this is a discreterepresentation), three for diameter (narrow, medium, wide), and two for task requirements(manipulability and stability). In the monkey, this visual information is provided by a sub-region of the posterior parietal cortex (specifically PIP); task information can be derived from anumber of different regions including prefrontal cortex (including area 46), and preSMA (F6).

174Visual and Task Representation

Finger-LevelPreshape and GraspSpecification

Preshape and GraspExecution success +efficiency

RPIP/F6/46

ViFjGjwijwjk

LkCk

FeatureDetectorsF5/AIPMI........................Figure 8.1: Schematic view of the architecture for the grasp configuration learningmodel. Visual parameters (from PIP) and task requirements (from F6 and area 46)are combined at the feature detector layer (representing the AIP/F5 complex). Theactivated feature detectors in turn select a hand configuration by specifying howindividual fingers will behave during the preshape and grasp (primary motorcortex; MI). This program is executed and then evaluated by a teacher. Theevaluation (R) is used to update the inter-layer connection strengths.This information (V) is projected through a set of synapses (W) to a feature detector layer(F/G), in which each neuron represents some higher-order feature of the original description.For example, a feature detector representing cylinder and manipulability would receiveconnections from the corresponding input neurons. The activity level of the feature detector unit(F) is computed according to the following equation:

F_j = V_i *w_{ij} ( ) i∑ + Noisej

(8.1)where:

Fj

is the activity level of feature detector unit j.

Vi

is the activity level of input unit i.

wij

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

Noisej

is a random signal that is injected into feature detector j.These feature detector units then interact through a local competition mechanism tocontrast-enhance the incoming activity pattern. This is implemented is a one-pass local-maximum operation: a neuron produces a non-zero output if and only if it is the most activeneuron within a small neighborhood. The output of the feature detector units (G) is computed asfollows:

Gj = Fj if Fj = Maxj− N≤l≤ j+N Fl{ }

0 otherwise

(8.2)where:

Gj

is the output of unit j.

N

defines the size of the region of competition. Note that we have implicitly assumedthat the neurons are arranged in a circular array.The active feature detectors then vote for the configuration to be imposed upon the hand bypassing activation to the output units (L):

Lk = Gj *ŵjk ( ) j∑ + Noisek

(8.3)where:

Lk

is the activity level of output unit k.

ŵjk

is the strength of connection from feature detector unit j to output unit k.

Noisek

is a random signal that is injected into output unit k.The configuration specifies which fingers will be actively participating in the grasp andhow the fingers should be positioned during the actual execution of the preshape and grasp. Asthis model is designed to drive the Belgrade/USC Hand (Bekey, Tomovic, & Zeljkovic, 1990),the index/middle and the ring/little finger pairs are considered single entities to be controlled.The output (C) consists of seven separate sub-vectors, each specifying a different detail of the

176grasp configuration. Three of the sub-vectors (each consisting of two units) specify theparticipation of the thumb, I/M fingers, and R/L fingers in the grasp, respectively. One sub-vector (also consisting of two units) determines whether the thumb will be abducted or not. Thethree remaining sub-vectors (each consisting of three units) determine the degree of flexion(small, medium, and large) during preshape of the thumb and of the I/M finger and R/L fingerpairs, respectively.For each sub-vector, a winner-take-all circuit computes the single most active unit of theset:

Ck = 1 if Lk = Maxm∈S(k) Lm{ }

0 otherwise

(8.4)where:

S(k)

is the set of units that are in the same sub-vector as unit k.

Ck

indicates whether configuration bit k is a winner.It is this resulting pattern of activity (C) that is used by the non-neural execution system togenerate the motor commands that result in the preshape and enclose movements of the hand.Learning DynamicsAfter execution of the specified grasp, a teacher evaluates the performance of the system.There are two elements to this evaluation: success and efficiency. Success tells us whether or notthe grasping movement was able to pick up the object. If the robot is unable to accomplish this,then a reinforcement signal of R=-0.1 is given by the teacher. If the grasp is successful, then apositive reinforcement signal (R=1) is given, but discounted if the grasp is inefficient. A graspis considered inefficient if the fingers preshape to a larger extension than is necessary for thepresented object (this is related to Hoff’s notion of hand comfort (Hoff & Arbib, 1993)). The

177discount factor is set such that if the system produces a preshape of maximum possible aperturefor a narrow cylinder, a reinforcement of 0.4 is given (assuming success).The reinforcement signal is used by the learning algorithm to update the connectionstrengths in the projections from the visual/task representation to the feature detectors (

W

),and from the feature detectors to the action units (

Ŵ

), with the goal of ultimately maximizingthe level of reward that is received. The adjustments to the connection strengths are done usinga Hebbian/Anti-Hebbian learning algorithm, as follows:The system is presented with a certain input, for which a grasp plan is computed by thenetwork and then executed. Suppose that the teacher gives a positive reinforcement signal forthe system’s performance on the trial. In this case, we would like to ensure that the next timethe system is presented with the same input, the same plan is output. This is accomplished by:1) Making sure that the same set of feature detectors is activated by increasing theconnection strength from active input units (V) to active feature detectors (G) (therebyincreasing their response level the next time).2)Increasing the active feature detectors’ support of the selected grasp plan byincreasing the connection strengths from the active feature detectors (G) to the activeoutput units (C).On the other hand, suppose negative reinforcement is received. This could be due to the factthat either the wrong set of feature detectors was selected, or just that the specified grasp planwas incorrect. Since we do not know which is the case, both are assumed:1)The connection strengths from the active input units (V) to the active featuredetectors (G) are reduced, thereby giving other feature detectors an opportunity tobecome active next time (implementing a search for the correct set of featuredetectors).2)The support of the active feature detectors for the specified configuration is alsoreduced. This allows other configurations to be tried.

178These rules are captured in the following connection strength update equations:

Δwij = α RVi Gj wij

Δŵjk = α RGj Ck ŵjk

(8.5)where:

Δwij

and

Δŵjk

are the changes to the connection strengths.

α

is a learning rate parameter.

R

is the teacher’s reinforcement signal.In a final step, the weight updates are integrated into the weight matrices

W

and

Ŵ

according to:

wij ← wij + Δwij wij + Δwij ( ) i∑

(8.6)

ŵjk ← ŵjk + Δŵjk ŵjk + Δŵjk ( ) k∑

(8.7)The combination weight update and normalization not only maintains individual weightswithin a limited range, but also implements a form of competition between the differentconnections. Relative to a single feature detector unit, when a set of input connections areincremented (in response to positive reinforcement), the remaining connections are subsequentlydecremented (equation 8.6). This encourages the development of feature detector units that areresponsive to a small number of situations. On the other hand, when a set of weights aredecremented (negative reinforcement), the remaining connection strengths are increased,making the feature detector responsive to a larger number of situations (forcing the system tocontinue searching for the appropriate combination of feature detector units).

179The set of outputs leading from an individual feature detector unit also compete with one-another (equation 8.7). This can be interpreted as an individual feature detector unit having alimited number of votes that can be distributed across all possible configurations.Reinforcement PredictionAs presented, the reinforcement learning algorithm has a tendency to converge on the firstsuccessful solution that it discovers for each situation. This is the case because the reception ofpositive reinforcement always results in an increase of some set of connection strengths, evenafter the network reliably produces the successful solution. The result is that the activity levelof the feature detector and output units is not significantly affected by the injected noise(equations 8.1 and 8.3), and hence the system does not continue the search process, even in thevicinity of the successful solution. Here, we outline a modification to the learning algorithmthat attempts to focus learning to situations in which there is an increase or decrease inperformance, rather than being sensitive to the absolute performance of the network (moredetails of this formulation can be found in (Fagg, Lotspeich, Hoff, & Bekey, 1996)).First we assume that for any situation that is presented to the network (situation beingobject and task), we have an estimate of the network’s average performance, referred to as

R̂

.We can then define internal reinforcement as the deviation of the network’s performance (on asingle trial) from its average performance:

′R = R− R̂

(8.8)and replace the weight update equations (8.5) with:

Δwij = α ′R Vi Gj wij

Δŵjk = α ′R Gj Ck ŵjk

(8.9)

180The effect of this algorithmic change is that when the network performs better (or worse)than expected, a positive (negative) internal reinforcement signal is generated. In addition,when the network performs as expected, no learning occurs.The average performance of the network is estimated as a linear function of the input andfeature detector states:

R̂ V,G ( ) = MT • VG

(8.10)where:

M

is a column vector of parameters.After observation of the outcome of a grasp, the estimate of average performance is updatedaccording to the incremental LMS algorithm (Widrow, 1962):

M ← M +α̂ ΔM

(8.11)

ΔM = R− R̂ V,G( ) ( )∇ MR̂ V,G( ) = R− R̂ V,G( ) ( ) VG

(8.12)where:

α̂

is the learning rate.The effect of this reinforcement prediction algorithm is that when the system discovers anew (and better) solution to a certain situation, the network will receive positive internalreinforcement for several trials. This positive reinforcement will cause the network to favorthe new solution over the old. However, the reinforcement predictor will respond (with a lag)by increasing the estimate of average performance. This means that after the first few trials,the new solution will result in a near-zero internal reinforcement signal, and therefore learningis stopped unless an even better solution is discovered. This allows the search process tocontinue (due to the injected noise) around the vicinity of the currently favored solution.

181Note that this process of first estimating and then climbing the reinforcement gradient is arelated to Sutton’s temporal difference algorithm (Sutton, 1988), and its application to learningof optimal controllers (Barto & Bradtke, 1991).Experimental ResultsDuring the training process, the system was presented with a sequence of situations selectedfrom six possibilities. The presented object was a cylinder of one of three widths. In addition,the task requirement could be either manipulability or stability. The experiments wereperformed in simulation. Evaluation of the grasps was accomplished by checking that thefingers were opened wide enough to clear the object and that the task requirements weresuitably satisfied. If manipulability was a requirement, the system was expected to generate apad opposition grasp configuration (with the thumb opposing the finger tips). If stability wasrequired, then the system had to have produced a palm opposition in order to be consideredsuccessful. The protocol randomly presented the system with one of the six possible situations.However, if the system failed to grasp the object, then the same situation was presented until asuccessful grasp was obtained.For the results presented below, the network required 2500 trials before its performancepeaked. After training, all grasps were successful but not all were completely efficient. Of the80 feature detector units, only 18 achieved very significant response levels. Figure 8.2 showsthe post-learning response curves of five of these units as a function of the situation that ispresented. Units A-D are all selective for a pad opposition, although C and D are alsoselective to some degree for the width of the object. Unit E is selective for palm opposition.These grasp specific neurons, similar to those reported by Rizzolatti (Rizzolatti, et al., 1988) inarea F5, resulted from the learning process and the system’s interaction with its environment,even though the architecture did not inherently contain these concepts.

183to a combination of several different input dimensions. Despite this apparent difficulty ofplacing symbolic labels on these cells, their interaction with other cells in the feature detectorlayer was able to yield a correct and consistent grasp plan.In addition to grasp selective cells, other types of units were also seen in this experiment.Figure 8.3 demonstrates several such cells. Cells F and H are selective for objects of mediumwidth regardless of the grasp type that is made. Cell G is selective for small objects, but doesshow some activity for the other situations. In all, nine units demonstrated purely opposition-related activity, where only four showed object size selectivity. The remaining five eithershowed selectivity to exactly one situation or to an arbitrary combination of multiplesituations. Although size-specific responses have not been observed in F5 (due to experimentaldesign), Sakata has observed such responses in AIP (Sakata, 1994).SummaryIn this chapter, we have demonstrated that a transformation from visual and taskparameters into a motor plan can be acquired automatically. The network programmer (orteacher) need not specify the computational processes behind the transformation (i.e., thebehavior of individual neurons), but rather may specify the expected results of thecomputation. However, unlike algorithms that learn to mimic human grasp plans (Iberall,1987; Iberall, 1988; Uno, Fukumura, Suzuki, & Kawato, 1993), the planner actually learns byobserving the results of executing its own plans. Note that there is still a teacher involved inthe process - instead of telling the robot exactly what to do, the teacher only tells the robothow well it did in performing its task. In this way, it is possible to construct plans that are bestoriented towards the actuation and sensing capabilities of the robot. This is a property that isnot necessarily achievable when only mimicking human performance, since underlying thehuman behavior may be a program that relies on sensory feedback that is not available to the

184robot. When this happens, the robot is unable to distinguish situations in which differentmotor decisions must be made.It is important to note, however, that the network architecture presented in this chapter issignificantly simplified from that used in the main model (Chapters 4, 5, and 6). First of all,the mapping from visual and task parameters into motor outputs is implemented as a one-passneural algorithm; any recurrent interactions are simulated through the use of winner-take-allmechanisms. Second, the output of the network is a static representation of the grasp. Theactual execution of the preshape and grasp are assumed to be implemented by a separate, non-neural module. Although these simplifications are justified from a computational efficiencyargument, it is also not immediately clear how the temporal of aspects of the neural firingpatterns (in the original model) can be shaped by an associative algorithm. This is the subjectof ongoing research.