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In:
Abstract

Self-organization, Computationa| Maps, This chapter discusses the explanation of a class of human
and Motor Control motor equivalence competencies put forth by the DIVA and

DIRECT models of motor skill acquisition and performance. It is
suggested that experimental data indicating approximate postural
pp. 383-421 invariance for reaches do not imply that the motor system is utiliz-
ing postural targets. Instead, an inverse kinematics transformation
utilizing a directional mapping with a “postural relaxation” compo-
nent is shown to be consistent with these data while also providing
Pietro G. Morasso motor equivalent capabilities not possessed by models that use pos-
tural targets. This transformation is related to robotics techniques

) ) and ) ) utilizing a Jacobian pseudoinverse and to the motor control models
Vittorio Sangumetl of Cruse and colleagues. A self-organizing neural network architec-
(eds ) ture that learns such a directional mapping is presented, including

simulations verifying its ability to explain the approximate postural

invariance seen in the experimental data. Side effects of the model's
1997 learning process suggest two sources that may contribute to the gen-

tle curvature seen in human reaches: a bias toward movements

. along the long axis of the manipulability ellipsoid, and a tendency
Elsevier -- North Holland toward more comfortable postures.

Psychology Series 1 Introduction: Motor equivalence and redundancy

Motor equivalence is the ability to carry out a task using different motor
means. For example, people are capable of producing written letters with
very similar shapes using their wrist and fingers or shoulder and elbow
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(Merton, 1972), their dominant or non-dominant arms (Raibert, 197 Tnent$. For example, one can consider speech production as the process of
Wright, 1990), and even using pens attached to their feet or held in théarmulating a trajectory within a planning reference frame to pass through
teeth (Raibert, 1977). Motor equivalence is seen in a wide variety of humansequence of targets, each corresponding to a different phoneme in the
behaviors, including handwriting, reaching (e.g., Cruse, Briiwer, and Deastring being produced. The dimensions of this planning frame might corre-
1993), and speaking (e.g., Abbs and Gracco, 1984; Lindblom, Lubker, asdond to acoustic quantities or locations and degrees of key constrictions in
Gay, 1979; Savariaux, Perrier, and Orliaguet, 1995), and in a wide varidtye vocal tract. The planned trajectory can then be mapped into a set of
of species, including turtles (Stein, Mortin, and Robertson, 1986) and frogsticulator movements that realize the trajectory. The articulator move-
(Berkinblit, Gelfand, and Feldman, 1986). The ubiquity of motor equivaments are defined within an effector reference frame that relates closely to
lence is no doubt the evolutionary result of its utility: animals capable dhe musculature or primary movement degrees of freedom of the speech
using different motor means to carry out a task under different enviromrticulators. The process of mapping from the planning frame to the effec-
mental conditions have a tremendous advantage over those that cannotior frame need not wait until the entire trajectory has been planned, but
This chapter describes self-organizing neural network models thieistead may be carried out in concurrence with trajectory planning.
address a subset of motor equivalent behavior: the ability to use redundantThis paper addresses several important issues concerning the motor
degrees of freedom to compensate for temporary constraints on the effequivalent control of redundant effector systems that arise within this view
tors while producing movement trajectories to targets. For example, peogkthe movement control process. The nature of the planning reference
normally use jaw movements during speech, but they can also produce rirame is addressed in Section 2, where it is posited that maximal automatic
ognizable speech with a pipe clenched in their teeth by increasing lip andmpensation is possible if trajectory planning is carried out in a reference
tongue movements to compensate for the fixed jaw. The models descrilfeine that relates closely to the task space for the movement (e.g., 3D

here stresautomaticcompensation; i.e.: space for reaching or an acoustic-like space for speaking), rather than a
« they successfully compensate for constraints on the effectors even if #i@me that relates more closely to the effector or articulator system. The
constraints have never before been experienced nature of the mapping from the planning frame to the effector frame is

addressed in Section 3. Here it is shown that the flexibility made possible
”t?y planning movements in a task-based reference frame can be realized by

mapping from directions in this frame to directions in the effector frame,

* they do not invoke special control strategies to deal with constraints. rather than from positions in the planning frame to positions in the effector
This kind of automatic compensation can greatly reduce the computatiodeame. This approach is similar to robotic control techniques that utilize a
requirments of movement planning, potentially freeing up cognitivgeneralized inverse of the Jacobian matrix (e.g., Hollerbach and Suh, 1985;
resources for more important or more difficult tasks. Finally, because theéein and Huang, 1983; Liegeois, 1977; Mussa-Ivaldi and Hogan, 1991,
models are self-organizing neural networks whose parameters are tuNgtitney, 1969). Controllers of this kind do not include explicit postural
during an action-perception cycle, they also require no explicit knowleddargets for achieving task space targets. Section 4 addresses the issue of
about the physical geometry of the effector system being controlled. ~ whether such models can be reconciled with experimental data indicating

In order to highlight the main hypotheses underlying these models, it is
useful to consider a simplified view of the movement control process o _ _ o
. . . s 2. The models described in this chapter focus on kinematic problems, ignoring the effects

wherein movement trajectories are planned within some reference frang@inertia and external loads on planned movements. The issue of invariant realization of
and these trajectories are mapped into a second reference frame that re!tﬁ'mé@atic commands under varying load conditions is a very important one but is beyond

. . e scope of this chapter; see Bullock and Contreras-Vidal (1993) for a proposed solution
closely to the effector or articulator system that carries out the mov@rat is compatible with the models described here.

* they do not require any new learning under the constraining conditio
and




that humans use a limited range of the possible postures for reachingmace error into action space error in order to train an inverse model that
given target. It is shown that a certain class of these models that incorponaps desired task space positions into effector positions.
rate a form of “postural relaxation” can indeed capture the main aspects of
the reaching data. This class of models is compared to a similar propodal
by Cruse and colleagues (e.g., Cruse, Briwer, and Dean, 1993). In Constraints or
Section 5, a neural network model that utilizes postural relaxation is intrg o perturbations ;... angles
duced, and simulations are presented to highlight some of the importetrask space r?:;?)%tilr?gal . or articulator
properties possessed by this type of model. The model suggests tyvdarget Ax AB positions
sources that might contribute to curvature in human reaches: (i) a learnipgx AX - AB n J’ p 0
bias toward the long axis of the manipulability ellipsoid, and (ii) a ten
dency to move toward more comfortable postures.

The discussion in this chapter is closely related to the DIRECT modgl
of targeted reaching (Bullock, Grossberg, and Guenther, 1993; Guenthgr, X
1992) and the DIVA model of speech production (Guenther, 1994 X0 —
1995a,b). Detailed descriptions of these models, including hypothesizg¢d Forward
roles of task space feedback, tactile/proprioceptive feedback, and effererjce model
copies of outflow commands during both learning and performance, can pe
found in the cited publications. This chapter will focus on the inverse kineFigure 1: Simplified block diagram of the inverse kinematics

matics transformation performed by these models. The main properties @hnformation performed by the DIVA and DIRECT models. The

this transformation are captured by the simplified block diagram shown igjrectional mapping and forward model are neural network mappings that
Figure 1. Task space targets (e.g., the location of a target in 3-D coordizn pe tuned using babbled movements.

nates for reaching) are compared to the current position of the end effector
in task space to produce a desired movement diredivn . This is then
transformed into a desired movement direction in joint space through a
learned directional mapping. This neural network mapping can be tunéd The planning space

during a babbling cycle, and, after learning, it approximates a generallzg\d . o .
. . . L " central issue in biological motor control concerns the nature of the coor-
inverse of the Jacobian matrix relating joint space velocities to task space . .

Inate frame for movement planning. In other words, what variables are

velocities. Externally imposed constraints or perturbations may interfere . . )
, L . L . . explicitly controlled by the central nervous system during reaching move-
with commanded joint rotations as indicated in the block diagram. A sec- R .
. . ... ments? The most commonly encountered view in the motor control litera-

ond neural network mapping transforms the current joint space position . . :
: . . . ure posits that the nervous system directly controls the spatial
back into task space coordinates. Learned mappings of this form have been . e .
Characteristics of movement, rather than the joint angle characteristics.

called “forward models” (Jordan, 1990; Jordan and Rumelhart, 1992). Th , . . .
orasso’s key study of the kinematic properties of planar arm movements

primary role of the forward model in the DIRECT and DIVA models is to . .
. . . . - orasso, 1981) provided some of the strongest experimental support for
allow planning of movement trajectories without requiring task space feed- _.. . ) ) .
Spatial planning. In this experiment, Morasso recorded nearly straight tra-

back. This differs from the role played by the forward model in Jordane tories of the hand and smooth, bell-shaped spatial velocity profiles
(1990) and Jordan and Rumelhart (1992), where it is used to transform td&k ' P P yp '




These characteristics of the hand trajectory appeared to be invariant acribesarm while following a straight-line “equilibrium trajectory”. This chap-
different movements in different regions of the workspace. In contrast, ther suggests two factors related to the inverse kinematics transformation
temporal patterns of joint angles did not follow straight lines in joint spacehat might also contribute to curvature in reaches planned as straight lines
often exhibited double-peaked velocity profiles, and occasionally eveén task space: a learning bias toward movements along the long axis of the
exhibited joint reversals. manipulability ellipsoid (described in Section 3.2), and a tendency toward
Although the results of Morasso (1981) are usually taken as strong eypint rotations that lead to more comfortable postures (described in
dence for spatial planning, several investigators have pointed out that ef®kctions 4 and 5).
point trajectories are not completely straight but are instead gently curved A different rationale for spatial trajectory planning arises from the
in many parts of the workspace, particularly in the sagittal plane (e.g., Hokiewpoint that maximally flexible performance can be achieved if move-
lerbach, Moore, and Atkeson, 1986). This might appear to be evidence foents are planned in a reference frame that relates as closely as possible to
joint space trajectory planning, but the curvature seen in these movemetiits task space for the movement (e.g., 3-D space for reaching or acoustic
is insufficient to support simple joint space interpolation, which would leadpace for speaking), rather than a frame that relates closely to the effectors
to much larger curvature. To account for this, Hollerbach, Atkeson, arat articulators (e.g., Bullock, Grossberg, and Guenther, 1993; Guenther,
Moore (1986) proposed a modification to joint space interpolation, which992, 1994, 1995a,b; see also Saltzman and Kelso, 1987; Saltzman and
they termed “staggered joint interpolation”, in which different joints begirMunhall, 1989). This rationale largely motivates the models discussed in
moving at different times in order to produce straighter trajectories. Hovthis chapter. For example, it is well-known that speakers are typically capa-
ever, this model cannot account for the joint reversals seen in the studyldé of reaching acoustic targets for vowels in the presence of constraints
Morasso (1981). Uno, Kawato, and Suzuki (1989) proposed a model bagkdt prevent certain movements of the lips or jaw during speaking (e.g.,
on the minimization of the torque change along the trajectory. Accordingbbs and Gracco, 1984; Lindblom, Lubker, and Gay, 1979; Savariaux,
to this minimum torque model, curvatures is an inherent side effect of Rerrier, and Orliaguet, 1995). This kind of compensation requires com-
control strategy which controls joints instead of hand trajectoriegletely different final positions for the unconstrained articulators, and,
Although this model provides one possible explanation for much of théherefore, completely different articulator or effector space trajectories.
curvature seen in reaches, a study by Wolpert, Ghahramani, and Jorddrerefore, systems that explicitly plan trajectories in a coordinate frame
(1995) showed that increasing perceived curvature of movements througtating closely to the effectors or articulators, such as a muscle length or
altered visual feedback caused subjects to change their movements to joait angle coordinate frame, must take the constraint into consideration
duce visually straighter hand paths, at odds with non-spatial planning madidring the planning process. In contrast, if the motor control system plans
els such as the minimum torque change model. movements to speech targets as acoustic trajectories (Bailly, Laboissiere,
Another group of researchers has tried to explain the curvature ahd Schwartz, 1991; Guenther, 1995b; Perkell et al., 1993) and maps these
human reaches under the assumption of spatial trajectory planning. Fdanned trajectories into articulator/effector space movements in a manner
example, Wolpert, Ghahramani, and Jordan (1994) demonstrated that sdive provides automatic compensation for externally imposed constraints
of the curvature of hand trajectories can be attributed to perceptual distéas described in the next section), then the complexity of the movement
tion. l.e., in some parts of the workspace, a curved reach appears straigipl@nning process is greatly reduced since the constraints can be largely
than it actually is. However, perceptual distortion alone did not appear tgnored.
be sufficient to fully account for the curvature of reaches in this study.
Flash (1989) suggested that curvature arises as the result of interactions
between the viscoelastic properties of muscles and the inertial properties of



3 Directional mappings whereJ™'(8) is an inverse of the Jacobian matrix. For a redundant manip-
_ _ _ _ _ . ulator, a unique inverse faf  does not exist. In this calse, is a general-
Trajectories planned in task space must still be carried out by articulator 94 inverse. or pseudoinverse, of the Jacobian matrix. The most
effector movements. One possibility is to use a position-to-position Mapymmonly used generalized inverse is the Moore-Penrose (MP) pseudoin-
ping from task space to effector space; e.g., each pointin 3-D space canfgse  which has the desirable property of returning the minimum norm
mapped to a joint configuration that is satisfactory for this point. Anoth%int rotation vector that can produce the desired spatial velocity.
possibility is to use a directional mapping from desired movement direC- pjrectional mappings as discussed in this chapter are generally related
tions in task space into movement directions in effector space (e.g., 08 pbut often slightly different from, a pseudoinverse of the Jacobian
rotations). The DIRECT and DIVA models use the latter form of mapping,atrix. n particular, learned approximations to a pseudoinverse that do not
because it provides the automatic compensation for externally imposgdictly satisfy Equation 2 will be discussed. With such a directional map-
constraints on effector motion motivated in the previous section angng the spatial trajectories produced by the inverse kinematics transfor-

described below. , . mation schematized in Figure 1 are not straight lines in task space, but
The use of a directional mapping for movement control is closely,stead are gently curved.

related to robotic controllers that utilize a generalized inverse of the Jaco-
bian matri¥* (e.g., Baillieul, Hollerbach, and Brockett, 1984; HoIIerbach3_1
and Suh, 1985; Klein and Huang, 1983; Liégeois, 1977; Mussa-lvaldi and . . _
Hogan, 1991; Whitney, 1969). The relationship between spatial velocity die ability to reach targets in pseudoinverse-style controllers such as the
the end effector and the joint velocities of a manipulator such as an armifdVA and DIRECT models is very robust to error in the directional map-

Motor equivalence

given by the following equation: ping. This can been seen in the following example. Imagine an intended
straight-line movement of the hand to a target in 3D space, as schematized
% = J(e)é 1) in Figure 2. Assume that a 3@rror in the directional mapping causes the

o _ _ . _ o _ actual trajectory to veer upward from the desired straight-line trajectory.
wherex is the spgtlal Ve'OC'tY vector of the h_a'ﬁj' IS the joint Veloc'tyl'he desired task space movement direction (indicated by dashed arrows in
vector, andJ(6) |s'tt.1e man.|pulat'ors Jacobian .matr'lx., whosg elemer‘gﬁe figure) always points from the current position of the hand to the target.
depend only on the joint configuratidh . To obtain a joint rotation VECtoRq yq actyal trajectory moves further away from the desired trajectory, the
that moves the hand at a desired spatial velocity, we can rearrange tQ@k space direction vector points more and more downward to counteract
equation: this error in movement direction. The system thus “steers in” toward the
. . target. As long as the directional mapping is off by less thaha®@ some
6 =J7(6)x (2 form of feedback regarding end effector position is available, the target
will successfully be reached, although for large directional errors the tra-
jectory will deviate significantly from a straight line in planning space.
— _ _ _ _ This property has several important implications for biological move-
e e e bl el Serar ffnt control. Firs, it Suggests how a person can easily overcome con-
Bruwer (1994) and Sabes, Wolpert, and Jordan (in preparation) show that the geometnstifaints on the effectors (such as a cast limiting arm movement during

the arm is takgn into consideration when planning trajec.tc.)rles around obstacles. reaching or a bite block limiting jaw movement during speaking) that
4. An interesting treatment of a class of models that utilize the transpose of the Jacobi

matrix, rather than a generalized inverse, is provided by Mussa Ivaldi, Morasso, and ZﬁeCtiVely introduce error in the directional mapping, and thus provides an
caria (1988).




3.2 Learning issues

Several interesting issues arise when one considers how a neural network
can learn a directional mapping between task space coordinates and effec-
tor coordinates. One such issue concerns what appears to be a rather broad
class of models in which the amount of learning that occurs during a given
movement is scaled by the size of the spatial movement of the end effector.

INITIAL TARGET Models that possess this property include versions of DIRECT that use

POSITION gradient descent in a linear neural network (Fiala, 1995) or in a radial basis
function network (Cameron, 1995, and the version described later in this
chapter).

Figure 2: Robustness to error in the directional mapping for targeted To understand the learning properties of this class of models, it is useful
movements. Here a 8@rror in the mapping causes the actual trajectory tqo consider themanipulability ellipsoid (Yoshikawa, 1985) that relates
veer from the desired straight-line trajectory. The desired task spagsint rotations to spatial velocities. Consider the set of joint velocity vec-
movement direction at each point along the trajectory is indicated by thers of unit length when at a given joint configuration for a three-joint arm
dashed arrows. As the actual trajectory moves further away from thgnstrained to planar movements. These vectors lie on the unit sphere in
desired trajectory, the task space direction vector points more and mg@sint velocity space. If one plots the spatial velocity vectors that would
downward to counteract this error in movement direction, allowing theesult from these joint velocity vectors (one example is shown Figure 3),
system to “steer in” toward the target. As long as the directional mappinge result is a set of vectors that fall inside an ellipse in the plane of move-
is off by less than 9 the target will be successfully reached. ment. Correspondingly, moving in a spatial direction aligned with the long
axis of this manipulability ellipsoid requires much less joint rotation than

explanation for one form of motor equivalence. Simulations verifying th&woving in a direction along the short axis. The eccentricity and direction of
abilities of the DIRECT and DIVA models to overcome errors in the directhe ellipsoid vary as functions of joint configuration.

tional mapping due to shifting of the visual field, joint blockage, and Simulations using gradient descent learning in the networks of Fiala
blockage of one or more speech articulators are provided elsewhere (Bi995) and Cameron (1995) show that residual error in the directional
lock, Grossberg, and Guenther, 1993; Guenther, 1992, 1994, 1995a/BRpping after training (e.g., due to having too few cells or too little train-
Second, it implies that even a coarsely learned directional mapping, sué@ to fully learn the mapping) tends to warp the actual movement direc-
as that possessed by an infant in the early months of life, can be usedi@® away from the desired direction toward the long axis of the
reach objects or produce speech sounds, although with imperfect motanipulability ellipsoid. Inspection of the networks after training suggests
ment trajectories. Finally, it shows how error correction capabilities calftat this warping can be roughly characterized by the following equation:
automatically arise from the same mechanism used to control normal

movements, unlike a controller that aims for postural targets and must - liong=Ishort.
. P g . Pactual = Pesired™ pl—sm[z((pdesired_(pellipsoid)] 3
somehow choose a new postural target if the normal target is inaccurate or long
unreachable due to external constraints. wherep is a scalar (in degrees or radians) that depends on the amount of
training and the number of cells in the netwoll,,, 2 (a0 N are the

lengths of the long and short axes of the manipulability ellips@jg;,eq



is only an approximation used here to provide some insight into the general
form of the residual error rather than a precise characterization.

y component of spatial velocity
o

0
X component of spatial velocity

Figure 3: The spatial velocity vectors produced by unit vectors in joint
velocity space take the form of manipulability ellipsoid(Yoshikawa,
1985). Spatial movements along the long axis of the ellipsoid require less

joint rotation than movements along the short axis. The shape and
orientation of the ellipsoid vary with joint configuration. Figure 4: Polar plot of residual error at one joint configuration in a neural

network after learning a directional mapping. The elliptical cloud of points
_ _ , o , i forms the manipulability ellipsoid at this joint configuration and is
'S_ the'deswed spatlgl movement.dlre'ctmpactua, i is the spatial moyememcluded for comparison purposes. The petal-shaped curves indicate the
d|rec_t|on_afte.r warping by the fjlrectlonal mépp'ng’_a‘pg'ipsoiq IS theresidual error as a function of movement direction; the distance from the
spatial direction of the long axis of the manipulability ellipsoid. A polarcenter of the plot corresponds to the magnitude of the directionl error (the

plot of the residual error as a function of movement direction for a rad'achotted circle corresponds t& dlirectional error). Error is approximately

basis function network is plotted in Figure 4 along with the manipulabilityZero along the long and short axes of the ellipsoid, and it reaches maxim

ellipsoid at the corresponding joint configuration. As suggested bgt points roughly halfway between the long and short axes. This residual

Equation 3, the error is roughly zero for desired movements along the lo%‘?ror leads to movements that are warped toward the long axis of the
and short axes of the ellipsoid, and it reaches maxima for desired mov&]ipsoid

ment directions falling halfway between the long and short axes. Although
the network’s error function at different joint configurations usually took a
form similar to that shown in Figure 4, there were significant deviations An intuitive feel for why this error pattern arises can be gained by con-
from this form in some regions of workspace, emphasizing that Equationslering that, for the same amount of joint rotation, movements along the




long axis of the manipulability ellipsoid produce more spatial displacea desired spatial movement direction that does not align with the long axis
ment of the end effector than movements in other directions. More learnimd the ellipsoid is warped toward the long axis by the directional mapping,
on average will thus occur for movements along the long axis of the ellipvith the amount of warping roughly scaling with the ratio of the long axis
soid in systems where the amount of learning is larger during larger spattal the short axis. The system thus learns movements that are largely
displacements of the end effector. If the error does not converge to zero dalgned with the long axis of the ellipsoid and therefore require relatively
to too few cells or too little training in a neural network learning the direcsmall joint velocities. Fiala (1995) provides a demonstration of the
tional mapping, then one would expect the learning to be biased toward twell-behaved performance of this kind of network at workspace singulari-
joint rotation patterns that caused the most learning; i.e., those producitgs.
movements along the long axis of the ellipsoid. This intuition suggests that A second potential benefit of biasing movements toward the long axis
a similar form of warping in the directional mapping will arise in a varietyof the manipulability ellipsoid is a reduction in the amount of total joint
of neural network models in which the amount of learning is scaled by thetation required to reach a target. A simulation was run to compare the
size of the spatial movement. Given that the learning of directional mapmount of joint rotation required to follow the gently curved hand paths
pings has been hypothesized to occur in brain regions such as the cerebaking from Equation 3 to straight paths. In both cases, the MP pseudoin-
lum (e.g., Pellionisz, and Llinas, 1985), this in turn suggests that this kingerse was used to transform the movement path into joint rotations, and the
of warping may contribute to the curvature seen in human reachesjuare root of the sum of the squared joint increments was calculated at
Figure 5 compares the movement paths produced by Subject 1 in the stadyeh time step for movements to 80 randomly chosen targets. The gently
of Morasso (1981) with the paths produced by the simple computationalirved paths produced by Equation 3 required 13.9% less total joint rota-
model of Equation 3 when the manipulability ellipsoid was calculatedion than the straight paths. The amount of rotation saved by the neural net-
using the arm segment lengths of the same subject. The direction andrks described above, however, varied significantly with the exact
amount of curvature in the model’s paths are largely, but not entirely, conetwork architecture and amount of training.
sistent with the experimental results. It is expected, however, that many dif- The final two learning issues to be addressed here are related to poten-
ferent factors contribute to the curvature seen in human reaches, potentigiyy shortcomings of “direct inverse” learning techniques pointed out by
including perceptual distortion (Wolpert, Ghahramani, and Jordan, 1994prdan and Rumelhart (1992). A direct inverse learning approach is one in
and a tendency toward more comfortable postures as described which movement commands are generated in effector space (typically ran-
Section 5. domly during training), and the system learns a mapping from the task
One desirable consequence of this learning bias concerns singularitsgmce consequences of these movements to the movement commands that
in the workspace, where geometric limitations of the manipulator makesaused them. This inverse mapping can later be used to command effector
some spatial movement directions impossible. Producing a desired spasiphce movements to achieve task space goals. The DIRECT and DIVA
velocity when moving toward a singularity generally requires higher anohodels currently utilize a direct inverse learning scheme.
higher joint velocities, a well-known problem of pseudoinverse techniques One shortcoming pointed out by Jordan and Rumelhart (1992) is that
(e.g., Baillieul, Hollerbach, and Brockett, 1984). When approaching a sitearning in direct inverse models is not “goal-directed”; i.e., it is not sensi-
gularity, the manipulability ellipsoid “flattens” as some movement directive to errors in sensation space, and there is therefore no direct way to find
tions become impossible; for example, a 2D ellipsoid as shown in Figurea® action that corresponds to a particular desired sensation. The validity of
collapses into a line segment as the short axis shrinks toward the origin.this claim, however, depends on the generalization properties of the direct
systems where learning is biased toward the long axis of the ellipsoid, thverse learning system. For example, in the direct inverse model described
problem of extremely high joint velocities is somewhat alleviated becausater in this chapter, learning generalizes to all spatial directions at each



for one movement direction can be used for all other movement directions.
Consider the task of reaching from one point to a second point, where the

f. task is to be learned by repeatedly attempting the reach. On the first
& 4 attempt, the model will most likely move in the wrong direction, but this
\ el '.: 7 ' movement will drive learning in the directional mapping that appliealito
5 . movement directions. Subsequent reaches will become more and more

accurate as the approximate Jacobian pseudoinverse improves. In other
words, the model will learn the task simply by repeatedly attempting to
perform it; this is goal-directed learning. Although it is convenient to uti-

3 3 lize random movements during training in order to insure coverage of the
P e R -...Z::-.\..__S workspace, direct inverse models such as the one described in Section 5 of
{q:’ ,,4 4 this chapter can thus also use a goal-directed learning process.

The second potential shortcoming concerns convexity and learning in
redundant systems. Jordan and Rumelhart (1992) point out that most direct
inverse learning techniques learn an average of possible effector space
solutions for a given task space goal. Such a system can thus learn an
invalid solution if the solution space is non-convex, since an average of
solutions is only guaranteed to be a solution for convex solution spaces.
The solution space of joint configurations that achieve a desired spatial
position is non-convex, and the convexity problem can indeed prevent the
successful reaching of targets in direct inverse models that learn positional
mappings. However, this is not a serious problem for many direct inverse
models that learn directional mappings, such as the DIVA and DIRECT
models. This is verified by simulation results of the DIRECT model suc-
cessfully performing reaches using a redundant arm (Bullock, Grossberg,
and Guenther, 1993; Guenther, 1992) and the DIVA model successfully
reaching acoustic targets using a highly redundant articulator set (Guen-
Figure 5: (Top) Movement paths reported for Subject 1 in the study Gher, 1994, 1995a,b). Consideration of two properties of directional map-
Morasso (1981) [adapted from Morasso, 1981]. (Bottom) Movemerfings help clarify why this is the case. First, directional mappings are
paths produced by the simple computational model of Equation 3 usingca]ly linear, even for redundant systems. This means that if one only con-
the arm segment lengths for Subject 1 to calculate the manipulabilitigers a small region of joint space, the set of joint velocity vectors that
ellipsoid (shown for each target location). produce a desired spatial velocity is convex. Therefore, systems that effec-

tively learn different directional mappings in different regions of joint
sampled joint configuration; this is because the model learns a directiorgﬂaee can largely, if not completely, avoid this problem. For example, the
mapping that is an approximation to the Jacobian pseudoinverse at egHia| basis network described in Section 5 utilizes different parameters in
joint configuration, and the approximate Jacobian pseudoinverse learmgferent regions of workspace (corresponding to different radial basis




functions) and smoothly interpolates between these parameter sets. Saw the cell's activity will fall off roughly as the cosine of the difference
ond, systems that use directional mappings can successfully reach tardretsveen the movement direction and the cell's preferred direction (e.g.,
even if the directional mapping contains a large amount of error (discuss€gorgopoulos et al., 1982; Kalaska et al., 1989). The mathematical analy-
in Section 3.1). Therefore, any residual error that might exist, e.g. frosis of Mussa-lvaldi (1988) showed that cells relating to movement direc-
assuming linearity over too large a region of joint space, will not prevertton in muscle length space (i.e., cells coding muscle shortening velocities)
the system from reaching targets, but will instead only lead to curvature will necessarily have cosine-shaped tuning curves when analyzed with
the movement trajectories. If this residual error is related to the manipuleespect to the spatial direction of movement. This property is evident in
bility ellipsoid as described above, the resulting slight curvature mightecent neural network models (e.g., Burnod et al, 1992; Bullock, Gross-
have useful side effects such as better performance near singularities dedy, and Guenther, 1993) and is illustrated for cells in the DIRECT model
reduced total joint rotation. It should be noted, however, that even thoughFigure 6. Cosine-shaped tuning curves are not built into the model cells
direct inverse models are apparently sufficient for learning directiondlut instead arise as a result of learning the mapping between spatial direc-
mappings in redundant systems, the forward modeling learning schemmens and joint rotations. Additional similarities between the effector direc-
described in Jordan and Rumelhart (1992) could also be used to ledgion vector cells and motor cortical cells include the observations that a
directional mappings and might still offer advantages over direct inversell’s preferred direction will typically change for different starting posi-
techniques. tions of the hand in 3-D space (Caminiti et al., 1990) and for different joint
A final note concerns the use of the word “convex” to describe differertonfigurations when the hand is in the same 3-D spatial position (Scott and
aspects of movement control models. Guenther (1995a) describes howdaaska, 1995). (The latter property is not present in the model of Burnod
convex region theorfor the targets of speech provides a simple, unifyinget al., 1992, because the tuning curves of cells in this model depend on spa-
explanation for many long-studied speech production phenomena, includ position of the hand rather than joint configuration.)
ing contextual variability, carryover coarticulation, anticipatory coarticula- It is important to note, however, that the gross aspects of motor cortical
tion, and a collection of speaking rate effects. It is important to notegell firing preferences, such as directional tuning curves, appear to be com-
however, that the speech sound targets learned by the model are convepadtible with a large range of movement control hypotheses (Mussa Ivaldi,
taskspace, not effector space. These convex region targets are generaliZ@88; Sanger, 1994). A much more detailed breakdown of cell properties,
tions of the traditional point targets assumed by the vast majority of modeilscluding aspects such as force dependency, tonic activity as a function of
of reaching and speaking, and the modehds limited to convex solution position, and temporal pattern of activity during a reach (e.g., Kalaska,
regions in effector space. For example, Guenther (1995b) describes hGwhen, Hyde, and Prud’homme, 1989), must be taken into consideration in
the model successfully handles a case where the convex task space tasgigr to gain a more insightful picture of the role of motor cortex in move-

region maps into disconnected regions in effector space. ment control. See Bullock, Cisek, and Grossberg (1995) for a modeling
study that proposes distinct roles for many of the subclasses of cortical
3.3  Motor cortical cells cells in a neural network model related to DIRECT.

Another point of interest regarding directional mappings is their compati-
bility with a number of neurophysiological studies investigating functional
properties of single cells in motor cortex. The most salient aspect of these
studies is that a typical motor cortical cell involved in reaching has a pre-
ferred direction of movement which will cause the cell to fire maximally,



Engelbrecht, Bushe, and Loukopoulos, 1993). The Rosenbaum et al. model
40 ' , , , , , then forms a movement trajectory using linear interpolation in joint space
‘ from the initial configuration to the chosen posture. This model is contra-
1 dicted by psychophysical studies showing smoothly interpolated trajecto-
ries in task space but not in joint space (e.g., Morasso, 1981), but the more
general question of whether the motor system uses postural targets in some
manner remains open.

Several psychophysical studies have investigated this issue, with mixed
results. Studies of pointing movements with the elbow fully extended indi-
cate that the final posture of the arm is relatively invariant for a given target
position (Hore, Watts, and Vilis, 1992; Miller, Theeuwen, and Gielen,
1992). For pointing movements on a planar surface, Cruse, Bruwer, and
Dean (1993) reported that the final postures “were virtually independent of
the configuration at the start of the pointing movement” (p. 131), and for

5 reaches to grasp an oriented object, Desmurget et al (1995) similarly report

200 150 100 50 o SS0 -1000 -150 0 200 that “the final limb angles were highly predictable” (p. 905).

DIRECTION OF MOVEMENT RELATIVE TO PREFERRED DIRECTION However, all of these studies imposed constraints on the arm that

] ] ] ) ) ) removed some of the redundancy available during free reaches. Subjects in
Figure 6: Comparison of average directional tuning curves obtained frome Desmurget et al. were required to orient the hand so as to grasp an

S‘”Q'e cell studies in motor cortex by_ Kalgska etal. (1989) (broken line) t8bject, and all reaches started from the same initial arm configuration. The
tumpg c;urves of cells in the motor direction vector of the DIRECT mode ore et al. (1992) and Miller et al. (1992) studies effectively removed the
(solid “_n_e) [adapted from I_Sullock, .Grossberg, and Guenther (1993)leow degree of freedom by requiring full extension of the arm, and the
quel firing rates are in arbitrary units and have been scaled along theeXperiments reported in Cruse et al. (1993) were constrained to a plane. In
axis to cover the same range as the Kalaska et al. data. After leaming Tab%ss constrained three-dimensional reaching task, Soechting, Buneo, Her-

directional mapping, the model's cells display many of the properties S€¢Mhann, and Flanders (1995) reported that the final postures of reaches to a

in motor cortex cells. given target depended on the starting configuration of the arm. Further-
more, Cruse (1986) reported that although the final postures for planar
reaches did not vary nearly as much as was possible given the geometry of
the arm, there was a small but significant effect of the initial posture on the
final posture, and Cruse and Briwer (1987) reported that choosing starting
postures with extreme joint angles increased the variability of final pos-
Another important issue in biological motor control concerns whether tHélres.

motor control system utilizes postural targets in planning movements. For It therefore appears that although the motor system uses a far smaller
example, Rosenbaum and colleagues have posited that the motor conftégige of final postures than is possible given the redundancy of the arm,
system performs a reach to a target by first choosing an appropriate postg@ée variability in final posture is seen, particularly when starting from
for that target using a set of postures stored in memory (Rosenbauvgly different initial postures. Furthermore, reaches can be successfully
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completed even when constraints on the joints cause unusual final postujemit configurations necessary. Whereas under unconstrained conditions
For example, Cruse, Briwer, and Dean (1993) reported that applyingtlee Mussa-Ivaldi and Hogan pseudoinverse will lead to the same final pos-
force that opposes elbow flexion causes subjects to reach different fimate for a given target regardless of starting posture, blocking a joint will
postures. The ability to perform kinematically normal targeted reachesuse the system to use a different final posture, often requiring an
using pointers that change the effective length of the forearm (e.g., Latncomfortable” angle for some other joint or joints. This is schematized
guaniti, Soechting, and Terzuolo, 1982) also speaks against the use of fixedrigure 7. The ability to use the uncomfortable but necessary final pos-
postural targets since a completely different final posture is required tore shown on the right side of Figure 7 is indeed desirable, and it high-
reach the same spatial position for each different forearm length. lights an important advantage of this type of controller over controllers that
In contrast to models like that of Rosenbaum et al., pseudoinverse-stgeplicitly specify a final posture as the target of a movement: although a
controllers do not generally associate a particular posture with each targentroller using the Mussa-Ivaldi and Hogan pseudoinverse will normally
in planning coordinates. In fact, Klein and Huang (1983) discuss how thoduce the same posture for a given target position regardless of starting
leads to a well-known potential drawback of pseudoinverse techniques.position, it still possesses the property of automatic compensation for con-
a typical pseudoinverse-style controller, repeated tracing of a closed shab@ints that prevent the arm from reaching the normal configuration (see
such as a square by the end effector can lead the effector system to “cBelction 3). The problem, however, arises when the constraint is removed.
up” into unusual configurations, potentially reaching physical limits of th&ecause they do not correct for uncomfortable postures, systems using the
effector system. Klein and Huang (1983) show that the MP pseudoinvers# pseudoinverse or the pseudoinverse proposed by Mussa-lvaldi and
has this problem, which is related to the non-integrability of a differentidHogan will maintain the uncomfortable wrist angle for all future reaches to
equation related to the pseudoinverse. this target and to much of the rest of the workspace. For the Mussa-Ivaldi
Mussa-Ivaldi and Hogan (1991) describe a different generalized inveraad Hogan (1991) pseudoinverse, the implicit mapping from target posi-
of the Jacobian matrix which is integrable and therefore avoids this probens to joint configurations has been changed for all points in the work-
lem. If no obstacles or joint constraints act on the effector system, thipace.
approach has the effect of assigning a joint configuration to each spatial This highlights a dilemma faced by biological motor systems: on the
position of the end effector (given the initial configuration of the systempne hand, they should not rely on explicit postural targets as this removes
even though no target configuration needs to be explicitly representedtire ability to automatically compensate for constraints on the effector sys-
the planning process. This raises an important point concerning the ndech, but on the other hand they need to avoid the problem of extreme or
for postural target information: a lack of postural targets in the movemenncomfortable joint configurations that can occur with most pseudoin-
planning process does not necessarily imply that the motor control systeerse-style control techniques.
will not produce final postures that appear stereotypical for a given target. A solution to this dilemma lies in a different pseudoinverse-style
For example, if no joint constraints or obstacles are present, a controligpproach. Given a redundant arm in a particular posture, for each desired
using the generalized inverse of Mussa-lvaldi and Hogan (1991) withovement direction there exists a set of joint rotation vectors that will all
always reach the same joint configuration for a given spatial target positove the arm in the desired direction. If a controller utilizes a joint rotation
tion. vector from this set that also moves the arm in the direction of a more com-
Unfortunately, the same property that allows the Mussa-lvaldi anfibrtable posture (e.g., toward the center of the joint ranges), the system will
Hogan pseudoinverse to overcome the problem of curling up into unususve a tendency to end up in comfortable joint configurations. Since spatial
configurations during repeated tracing movements leads to a differanbvement directions are mapped into joint rotations, the system will main-
problem in a world where joint constraints or obstacles often make unusualn the motor equivalence capabilities of pseudoinverse-style controllers.



when repeatedly tracing a closed path, the postures will converge toward
comfortable postures for each point along the path. Finally, the tendency
toward comfortable postures will also greatly limit the range of postures
the controller will use, in keeping with the experimental results described
above.

Pseudoinverse-style control schemes with the desired property, which
Constraint we will refer to aspostural relaxationin this chapter, have been proposed

Target Target

on’elbow in the robotics literature (e.g., Klein and Huang, 1983; Liégeois, 1977). A
- typical approach is to calculate joint rotations according to the following
equation:
6 = I ()% + 6 4)

where 6y is a joint rotation vector that causes no net displacement of the

. . -1 . . . .
Figure 7: Potential problem for pseudoinverse-style controllers. The Ie‘ize\’[rIOI effgctor. A typical choice fod (e). in this equation is the MP
. . . . . seudoinverse. If we choo$  so that it tends to move the arm toward a
side schematizes the normal configuration used by a three-joint arm T0

reach a target. The right side shows what happens if a constraint is placrggre cgmfortable conflguratlon,. the system will have the desired proper-
on the elbow. Here, the pseudoinverse controller will successfully reaé[Hes' This can be done by choosing
the target, using an “uncomfortable” wrist configuration forced by the
constraint. The problem arises when the constraint is removed: because
they do not correct for uncomfortable postures, systems using only thghere o is a constant scaling parametggH is the gradient of some
Moore-Penrose (MP) pseudoinverse or the pseudoinverse proposedfiiction H that we seek to minimize, and  is the identity matrix. The
Mussa-Ivaldi and Hogan (1991) will maintain the uncomfortable wrisimatrix (| _3‘13) has the effect of projecting the vectiyH onto the
angle for all future reaches to this target and to much of the rest of thgulispace of J, thus assuring tt  causes no net displacement of the end
workspace. effector. If we chooséd  so that it decreases for increasing “comfort”, then
the controller will have the desired property of choosing movement direc-
Furthermore, such a system avoids the problem of indefinitely maintaininigns that tend toward more comfortable joint configurations. One obvious
an uncomfortable posture that may have been forced by temporary jo#Hoice is
constraints or obstacles since it will try to move toward a more comfortable

6o = a(l —371J)OgH (5)

posture with every movement. Such a solution will not generally utilize an N g _gf
integrable pseudoinverse and can therefore end up in different postures H = z BiB-'——;—'D (6)
depending on starting position, but this property is a necessary one to avoid i=1 U6 U

the problem of maintaining uncomfortable configurations forced by tempgyhere 87 is the center of th&ijoint's range (or some other position of
rary joint constraints or obstacles. The potential ill effects of non-integranaximal comfort),eir is the extent of th¥ joint's range, and3, is a scal-
bility pointed out by Klein and Huang (1983) and Mussa-lvaldi and Hogaghg parameter. This function can also be thought of as describing the
(1991) are also avoided due to the tendency toward comfortable pOSturgﬁ'iount of energy needed to maintain a postere . It has the effect of



penalizing postures for which one or more joints are near their mechanidats when the mathematical relationship between task space and effector
limits, therefore promoting a more “natural” configuration of the armspace is not known in the form of a Jacobian matrix (e.g., the relationship
Alternatively, cost functions can be introduced to quantify other aspects bétween formant frequencies and articulator positions in the speech pro-
postural fitness. For example, one can consider the manipulabiliduction models of Bailly, Laboissiére, and Schwartz, 1991, and Guenther,
(Yoshikawa, 1985) associated with a given joint configuration. A desirabE995b). The model also differs from the approach described in
posture, in this case, might be one where the manipulability ellipsoid Bquations 4-6 in that it tends to produce slightly curved trajectories.
nearly circular, indicating that the amount of joint rotation required td-inally, the model differs from the Cruse et al. model in that curvature
move a fixed distance is roughly equal for all movement directions. Tharises from purely local computations due to biases in the learning process
stiffness ellipsoid (e.g., Mussa-lvaldi, Hogan, and Bizzi, 1985; Flash an@ather than through competition between a local straight-line planning pro-
Mussa-lvaldi, 1990) might also be used in this manner. cess and a global planning process that attempts to move the arm to a pos-
A related approach to movement planning has been discussed in theal target.
motor control literature by Cruse and colleagues (e.g., Cruse, 1986; Cruse
and Brawer, 1987; Cruse, Briwer, and Dean, 1993). Cruse (1986) initial . . .
proposed that the final postures of reaching movements might be chosergso AN adaptlve pseudomverse-style controller with

as to minimize a cost function similar to the cost function of Equation 6. In  Postural relaxation

this form, Cruse’g model is closely related to the quel_ of Rosenbaum_aﬂ\%ersion of the DIRECT model utilizing the network described in the fol-
colleagues descrlbed"above. The model was modified in Cruse ar'1d Bru"?{ﬂ/ing paragraphs for the directional mapping in Figure 1 was trained to
(1987) and Cruse, Brawer, and Dean (1993). In the later formulations, thig,, e throughout the workspace, then tested to demonstrate some of the
“m|n|mum cost principle” V\(as first combmed with joint rotations C""Icu'desirable properties of the postural relaxation control scheme. A three-joint
lated using the MP pseudoinverse. This component of the model produ?ﬁgnar arm with a shoulder angle range of -160 3 90 (with respect to
straight-line trajectories; to explain curved movement paths, the model alﬁg9 horizontal axis), an elbow angle range 6f0 0180 , and a wrist angle
included a competing “end-point control” process which by itself Wouldrange of -160 to 160 was used for the simulations: elbow and wrist

produce a trajectory by linearly interpolating between initial configuratior(,lngleS are measured with respect to the alignment with the previous link.
and a final posture of the arm in joint space. The net effect of combining The mapping from the desired movement direction vegtor  to the joint

the purely local pseudoinverse and minimum cost strategies with the gloRg} o vectord s formed in the model according to the following equa-
end-point control process is a moderately curved trajectory whose curyas..

ture represents a compromise between a straight-line trajectory and a

highly curved trajectory formed through joint space interpolation. 6 = A(B)X + B(6). )
The next section describes an implementation of postural relaxation in .

the DIRECT model that is closely related to both the robotics approach® €léments of the matrid  and the vecr  are the outputs of hyper-

described in Equations 4-6 and the Cruse et al. (1993) model. The curr@ifin€ radial basis function (RBF) networks with adaptive centers (see

model differs from these approaches in that model parameters are learfineron. 1995; Poggio and Girosi, 1989; Stokbro, Umberger, and Hertz,

during an action-perception cycle instead of relying on explicit knowledgt990) and are calculated according to the following equations:

of the manipulator geometry in the form of the Jacobian matrix. This is an

important property not only for biological controllers that presumably do

not have explicit knowledge of the Jacobian, but also for artificial control-



9%(6) to produce theb; , which form the postural relaxation portion of the net-
Z C (wigy + 7 ) (8)  work, are adjusted using the cost function:
N )
Z N cDZ
H =Y (Bgi 6)+ BB—D (13)
b 2 (%81 ,Zl 'De O
Z o ( k| ki [ey) ©)
Zg'( ) where®’ ,0 , andB, are defined in Equation 6. See Jordan (1990) for a
h q b discussion of possible roles for constrained cost functionals such as
w erewkIJ an Wk| are parametens;qIJ aag are parameter VeCtOESquatmn 13 in motor learning.

and Ck andc,  are vectors whose components are: The first simulation illustrates the model's performance when tracing a

closed path. In this case, a sequence of 100 back-and-forth movements

a
2 = 0 — My - 6 — M between two targets were simulated. The arm was placed in an “awkward”
I — Kl b . : . .
Oy o posture with an extreme wrist angle before moving to the first target. The

(10)  results of this simulation are shown in Figure 8. The top panel of this figure

a b a b shows the movements produced by a controller utilizing the MP pseudoin-
where [ , My 0y , andoy, are parameters corresponding to the megarse. This controller maintains the extreme wrist angle throughout the
and varlance of basis functidnalong dimensiorl. The basis functions movement sequence. A similar result would be expected for a controller

g5(8), gp(8) are Gaussian: utilizing the pseudoinverse proposed by Mussa Ivaldi and Hogan (1991).
The bottom panel shows the postures reached by the DIRECT model utiliz-

a _ 0 le 2?2 _ 1 ing the postural relaxation scheme described above. Whereas the awkward
9 = &XPT EZC"' 0 - D_ élz (11) posture is maintained with the MP pseudoinverse, the DIRECT controller

“unfolds” with successive movements, leading to more comfortable pos-
a b a b a b a b . . .

The parametersvi; Wy  Zqgj  Zq Mg Mg Gl o anal, are tures for both targets. A similar tendency of experimental subjects to only
learned using gradient descent during the action-perception cycle usedytadually move toward more comfortable postures (in accordance with a
train the DIRECT model. The actipn-perception cycle is induced by instaiinimum cost principle such as Equation 6) was noted by Cruse and Bru-
ing random joint velocity vector®g (where the subscript  denotes wer (1987, p. 143), who stated that the arm
babbled movement). For the parameters used to produceqjthe , the cost...seems to approach angle values which correspond to the mini-

function that is minimized by gradient descent is: mum cost principle only gradually during the ongoing movement...
If there is enough time during the movement, the angle values near
H = z ('eBi - 'ei)2 (12) the end of the movement correspond quite well to those of the mini-

mum cost principle. In other cases ... even the joint angle values at
where theB, form the joint rotation vector calculated from the RBF net- the end of the movement were different depending on the starting
work outputs according to Equation 7. The valugs form the approxi- arm position and so revealed the history dependence of the control
mate Jacobian pseudoinverse learned by the network. The parameters usesystem.”



summation term) and movements toward more “comfortable” postures
(due to the second summation term). The second factor is the tendency to
produce slightly curved movements in the direction of the long axis of the
manipulability ellipsoid discussed in Section 3.

The second simulation, shown in Figure 9, compares the final postures
produced by an MP pseudoinverse controller to those of the DIRECT
model when reaching to the same target from a number of different initial
configurations. As in the experimental results of Cruse (1986), the variabil-
ity of the final postures produced by the postural relaxation controller is
much smaller than the variability produced by the MP pseudoinverse.
Again, significant curvature is seen in the trajectories formed by the
DIRECT model.

6 Concluding Remarks

This chapter has addressed several issues related to pseudoinverse-style
controllers as models of human motor control. Consideration of the prob-
lem of automatic compensation for externally imposed constraints on the
effector system suggests that movements should be planned in task space
coordinates rather than in coordinate frames more closely related to the
effector system. This is consistent with experimental studies suggesting
spatial planning of reaching movements and acoustic space planning of

Figure 8: Simulation of back-and-forth movements between two targetpeech movements. Using a directional mapping to transform desired task
starting from an awkward posture with an extreme wrist angle. The tagpace movement directions into effector space movement directions leads
panel shows movements produced by a controller using the M@ the ability to automatically compensate for constraints on articulators.
pseudoinverse. The bottom panel shows movements produced by Wies kind of control is closely related to robotics techniques that use a
DIRECT model utilizing the adaptive postural relaxation scheme. Whereg@seudoinverse of the Jacobian matrix. Next, potential problems for pseudo-
the awkward posture is maintained with the MP pseudoinverse, theverse-style controllers as models of biological movement control were
postural relaxation controller “unfolds” with successive movementsaddressed. Experimental data suggest that the variability of final arm pos-

converging toward a more comfortable posture for each target.

ture for reaches is generally much less than would be predicted by a pure
pseudoinverse controller. Although these data are often cited as evidence

Another point of interest concerns the slight curvature of the movemefr the explicit control of final posture in reaching movements, it is shown
trajectories between the two targets for the DIRECT controller. One factdtat pseudoinverse-style controllers that include a form of “postural relax-
contributing to this curvature is the cost function of Equation 13, whic/tion” (related to robotics controllers that combine null-space motions with
leads to a balance between perfectly straight trajectories (due to the fifa¢ pseudoinverse and to the biological motor control models of Cruse and

colleagues) can account for these data without using explicit postural tar-



manipulability ellipsoid, and (ii) a tendency to move toward more comfort-
able postures.
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