Generalization to local remappings of the visuomotor coordinate transformation

Zoubin Ghahramani, Daniel M. Wolpert, and Michael I. Jordan Department of Brain and Cognitive Sciences Massachusetts Institute of Technology

Correspondence concerning this article should be addressed to: Zoubin Ghahramani, Department of Computer Science, University of Toronto, 6 King’s College Rd. Pratt 271, Toronto, CANADA M5S 1A4. Telephone (416) 978-7453, Fax (416) 978-1455, E-mail: zoubin@cs.toronto.edu

Abstract

To investigate the representation and plasticity of the visuomotor coordinate transformation we examined the changes in pointing behavior subsequent to local remappings. The visual feedback of finger position was limited to one or two locations in the workspace, at which a discrepancy was introduced between the proprioceptively- and visually-perceived finger position. Such a local remapping induced changes in pointing which were largest near the locus of remapping and decreased away from it. This pattern of spatial generalization highly constrains models of how the central nervous system computes the visuomotor transformation. However, a simple model, in which the transformation is computed via the population activity of a set of units with large sensory receptive fields, is shown to capture the observed pattern.

Generalization to local remappings of the visuomotor coordinate transformation

In order to reach or point to a visually perceived target, the central nervous system (CNS) must transform visual information into coordinates appropriate for movement (Andersen et al., 1985; Flanders et al., 1992; Kalaska and Crammond, 1992). This visuomotor coordinate transformations forms an integral part of the planning and on-line execution of movement. Both experimentally-imposed visual perturbations, such as those resulting from wearing prism glasses (for a review see Welch, 1986), and lesions to brain areas such as the posterior parietal cortex, result in motor deficits attributable to inaccuracies in transforming between visual and motor coordinate systems (Andersen, 1987). The question of how the visuomotor coordinate transformation is learned and represented remains of basic importance to understanding the motor system.

One of the ways in which the representation of the visuomotor transformation has been probed relies on the analysis of pointing errors. Using this paradigm, studies by Soechting and Flanders (1989a, 1989b) have suggested that the visuomotor transformation from target location to the orientation of the arm relies on a linear approximation of the nonlinear function that relates the two coordinate systems. Subsequent studies, also based on the analysis of dependences among errors, suggest that the transformation from elevation and distance of the target to arm elevation may be computed separately from the transformation from target azimuth to arm yaw angle (Flanders and Soechting, 1990). In this paper we explore the representation of the visuomotor transformation through a different paradigm, which analyzes the pattern of adaptation arising from a local perturbation of the visuomotor relationship. This paradigm makes it possible to address two questions. First, what effects do remappings at one location in space have on visuomotor behavior elsewhere. Second, how do these patterns of effects constrain computational models of the visuomotor representation.

The visuomotor adaptation paradigm dates back to the early days of psychophysics (Helmholtz, 1867/1925; Stratton, 1897a, 1897b) and has been pursued extensively since then (for reviews see Welch, 1978 and Howard, 1982). These studies have demonstrated the remarkable ability of subjects to adapt, at least partially, to a wide variety of alterations in the relationship between the visual and motor system—the single prerequisite for adaptation seems to be that the remapping be stable (Held, 1965; Held et al., 1966; Welch, 1986). In this paper, we use a modern-day variant of the adaptation paradigm that allows the perturbation to be restricted to a single pairing of visual and motor feedback, while eliminating visuomotor feedback elsewhere (Bedford, 1989, 1993). This paradigm provides a tool for exploring the point-by-point changes in the input–output behavior of the human visuomotor transformation which arise from the perturbation (the introduction of a novel input-output pair). We compare these changes both to the predictions of several qualitative models of the transformation, as well as a mathematical model that computes the visuomotor transformation using a population of units with localized receptive fields.

To understand the nature of the perturbation, consider a subject moving his arm while wearing prisms, but having the visual feedback of his arm limited in such a way that he receives concurrent visual and motor information only at a single point. Such a local perturbation induces unconscious compensatory changes in pointing to that location (i.e. adaptation). The changes in pointing to other locations in space, the generalization, are not constrained by the task and therefore reflect intrinsic constraints on the visuomotor transformation. Bedford (1989, 1993a, 1993b) pioneered such generalization studies by examining the changes in pointing arising from one-, two- and three-point visuomotor remappings in the azimuth. The results suggest that the remapping generalized linearly; that is, the change in pointing resulting from the perturbation was a linear function of azimuth. As the subjects were tested in only one dimension, along an arc centered around the subjects’ eyes, these results cannot provide a full picture of how the visuomotor transformation is represented. Thus, for example, Bedford’s results do not distinguish between translational, rotational, and many other possible intrinsic constraints arising from the neural representation of the visuomotor transformation.

In the present study we have sought to test how the visuomotor coordinate transformation changes in a two-dimensional workspace after remapping at one and two visuomotor pairs. This was achieved by restricting the visual feedback of the subject’s finger, as represented by a cursor spot, to within a few millimeters of the remapped points. When the subject was outside this area the cursor spot was extinguished. Before and after this exposure phase the subject’s pattern of pointing to targets, in the absence of visual feedback of the finger, was assessed.

Insert Figure 1 about here

We consider the predictions of six qualitative models of the visuomotor transformation regarding the pattern of generalization resulting from a perturbation at a single point (shown schematically in Figure 1, left to right). The first model is based on the hypothesis that such limited exposure is insufficient to change the visuomotor relationship. It therefore predicts that no changes in pointing will be observed over the workspace. The second model assumes that the visuomotor transformation is represented locally, i.e. that with each location of the visual target is associated a single motor pattern for pointing. In a less extreme form this model assumes that the representation of the visuomotor transformation is highly localized (Atkeson, 1989), with a resolution higher than the sampling grid used in the experiment. This model predicts that adaptation will be observed at the location of the perturbation but not at any other location tested. The third model is based on a representation in which the felt direction of gaze plays a primary role in visuomotor recalibration (Harris, 1965; Hay and Pick, 1966). For example, the local perturbation could be interpreted by the central nervous system as a consistent error in the felt direction of the eyes, resulting in a rotational pattern of generalization centered about the eyes. The fourth model places a central role on Cartesian or task-related coordinates. The predicted pattern of generalization consists of colinear shifts of equal magnitude at all points. Such a pattern would also satisfy the linearity constraint suggested by Bedford (1989), although in two dimensions this constraint can also be expressed in polar coordinates, in which case a rotational pattern is predicted. The fifth model assumes a semi-local representation in which the perturbation at one point induces a decaying pattern of generalization. The spatial rate of decay of this generalization can be used to infer the effective receptive field size in a network model of the coordinate transformation. Finally, many other non-linear patterns of generalization could result from hypotheses based on adaptation in joint- or muscle-based coordinates.

Materials and Methods

In order to test these hypotheses, we conducted a study in which pointing errors were assessed prior and subsequent to exposure to a localized visuomotor perturbation. The pattern of pointing errors was compared to the predictions both of the above qualitative models, and of an explicit computational model in which the visuomotor transformation is computed via the population activity of units with localized receptive fields. We first describe the experimental procedures before turning to the details of the model.

Subjects

40 right-handed undergraduate students participated as subjects. Subjects were naive to the purpose of the experiment and were paid for participation. All subjects had self-reported normal or corrected-to-normal vision.

Apparatus

In order to measure pointing behavior and to constrain subjects to experience limited input-output remappings we used a two-dimensional virtual visual feedback setup. This consisted of a digitizing tablet to record the finger position on-line and a projection/mirror system to generate a cursor spot representing the finger position. This setup allowed projection of the virtual image of the finger (direct vision of the arm was prevented), as well as targets, into the plane of the table. The exact relation between the cursor spot and finger position could be controlled on-line so as to generate alterations in the visuomotor transformation. Furthermore, the cursor spot could be illuminated and extinguished so as to allow concurrent visual-proprioceptive feedback in restricted areas of the workspace. This setup is described in more detail below.

Insert Figure 2 about here

Subjects sat at a large horizontal digitizing tablet (Super L II series, GTCO, MD) with their head supported by a chin and forehead rest (Figure 2). This placed the subjects’ eyes in a plane approximately 25 cm above the digitizing tablet. The subject’s right index finger was mounted on the cross hairs of a digitizing mouse which could be moved along the surface of the digitizing tablet; the subject’s arm was hidden from direct view by a screen. The digitizing tablet’s coordinates were sampled as (x, y) coordinate pairs at 185 Hz by a PC; the accuracy of the board was 0.25 mm.

The targets and the feedback of finger position were presented as virtual images in the plane of the digitizing tablet (and therefore in the plane of the finger tip). This was achieved by projecting a Video Graphics Array (VGA) screen (640 × 480 pixels) with an LCD projector (Sayett Media Show) onto a horizontal rear projection screen suspended 26 cm above the tablet (Figure 2). One pixel measured 1.2 x 1.2 mm on the screen. A horizontal front-reflecting semi-silvered mirror was placed face up 13 cm above the tablet. The subjects viewed the reflected image of the rear projection screen by looking down at the mirror. By matching the screen–mirror distance to the mirror–tablet distance, all projected images appeared to be in the plane of the finger when viewed in the mirror. Targets were presented as 9 × 9 pixel (10.8 mm) hollow squares and the finger position was indicated by a 5 × 5 pixel (6 mm) filled white square (the cursor spot). The position of the finger was used on-line to update the position of this cursor spot at 50 Hz.

Prior to each experiment, the relationship between position of the cross-hairs of the digitizing mouse and the position of the projected pixels was calibrated over a grid of 16 points. By illuminating the semi-silvered mirror from below, the virtual image and the cross-hairs of the digitizing mouse could be lined up by eye. A quadratic regression of x and y pixel position on x and y mouse position was performed and this was used on-line to position the targets and cursor spot. The correlation of the fit was always greater than 0.99. Cross-validation sets gave an average calibration error of 1.5 mm.

Procedure

Subjects were randomly assigned to one of five groups: control, x-shift, y-shift, two-point control, and two-point y-shift. We first describe the procedure for the one-point perturbation groups (control, x-shift and y-shift groups) and then outline the differences in procedure for the two-point perturbation groups (two-point control, and two-point y-shift).

Each experimental session consisted of four parts. In the first part (familiarization phase), the subject was familiarized with the setup by pointing eight times to each of nine randomly presented targets on a 3 × 3 grid. Pointing movements were made under full visual feedback of finger position, as represented by the cursor spot. The target appeared and remained illuminated until the subject moved the cursor to the target position. The target then disappeared, and the next target appeared when the subject had moved at least 15 cm away from the previous target.

In the second part (pre-exposure phase), the subject’s pointing accuracy was assessed in the absence of visual feedback of finger position. The subject was instructed to point as accurately as possible to visually presented targets. The subjects indicated when they thought their finger was on target by pressing a mouse key with their left hand. Subjects were encouraged to be as accurate as possible and to press the mouse key only when they thought their finger position matched the target exactly. The target then disappeared, and the next target appeared when the subject had moved 15 cm away from the previous target. This ensured that relative direction of the targets could not directly cue the subject’s pointing movement. Targets were presented eight times each in a pseudorandom order on the same 3 × 3 grid. The subjects received no information as to their pointing performance. During this phase, the target and finger positions were recorded for each trial.

The third part (exposure phase) of the experiment was designed to provide extensive exposure to either the normal (control group) or an altered mapping (x-shift and y-shift groups) between the visual and proprioceptive systems at a single location at the center of the workspace. Subjects were instructed to point to a central, visually presented target—the training point. The cursor spot representing their finger position was only illuminated when it was within 0.5 cm of the target box. This allowed concurrent visuo-motor feedback to be limited to the immediate vicinity of the target.

The relationship between the cursor spot and actual finger position was altered for the different groups. For the control group, the finger cursor accurately represented the finger position. Therefore, in order to see the cursor on target their finger had also to be on target. For the other two groups a discrepancy was introduced between the actual and perceived finger position (Figure 3a). For the x-shift group the subject had to point 10 cm to the right of the central target in order to see the cursor spot on target (Figure 3b). For the y-shift group the subjects had to point 10 cm towards their body in order to see the cursor spot on target (Figure 3c). Therefore, in these two groups the subjects were exposed to a remapping of finger to visual position at a single point. A 10 cm perturbation in the x direction corresponded to approximately 13.1^ffi of visual angle, and in the y direction to 9.5^ffi of visual angle. Once the central target was reached, the subject had to maintain the finger cursor there for 2 seconds, until the target turned from white to blue and one of the 8 peripheral targets became illuminated in a pseudorandom order. The subject then had to move towards that target; after having moved 15 cm the central target would turn white and the cycle would repeat. The subject pointed a total of 40 times to the central target for the perturbation groups and 30 times for the control groups.

Insert Figure 3 about here

Limiting the area of the cursor feedback to within 0.5 cm of the target ensured that during the exposure phase the visual and proprioceptive information on finger position cooccurred only within a small region of the workspace. However, this limited feedback also made the task of pointing to the central target difficult. Subjects were warned that this phase of the experiment would be difficult and that they would have to try moving around to find the target. Subjects were not informed of the perturbation, and post-experimental questioning revealed that subjects were unaware of any perturbation. To aid the subject in finding the target, after 10 seconds, one of the following messages would be displayed at the bottom of the screen—“try left”, “try up”, “try right” or “try down”. A random search strategy such as Bedford’s, where subjects were told “try moving your hand back and forth slowly” (Bedford, 1989) could not be employed since in a two-dimensional workspace it is not guaranteed to locate the target. The time to place the finger on target was recorded as a measure of visuomotor learning during this exposure phase.

The final phase (post-exposure phase) was identical in form to the second (pre-exposure) phase; subjects’ pointing was again measured, in the absence of cursor feedback, on the 3 × 3 grid with eight repetitions at each point. The pseudorandom order of the targets was changed from the second phase.

For the control and x-shift groups the grid points were evenly spaced on a square from (–10, 20) to (20, 50) cm relative to the midpoint between the eyes (Figure 3a). For the y-shift group the grid was reduced evenly in the y-direction by 10 cm to (–10, 25) to (20, 45) cm. This was necessary because, if the subject adapted fully to the 10 cm perturbation, the closer target points would be reached with movements outside the recording area of the tablet. In all cases the position of the central target was maintained at (5, 35) cm.

Procedures for the two-point groups

The two-point perturbation subjects were randomly assigned to one of two groups: control and y-shift. The paradigm was identical to that of the one-point perturbation groups except that in the pre- and post-exposure phases 11 points were tested, and in the exposure phase training alternated between two targets. These differences are detailed below.

In the pre- and post-exposure phases, subject’s pointing accuracy was assessed in the absence of visual feedback of finger position at 11 targets (Figure 3d). As in the one-point groups, pointing consisted of 8 pseudorandom repetitions at each target. Nine of the targets were identical in location to those used in the one-point groups. The other two targets were located to the left and the right of the central target and were used as training points during the exposure phase.

The workspace used for the two-point groups was identical to that used for the control and x-shift one-point groups. Based on results from the one-point groups, we realized that subjects did not generally adapt fully to the 10 cm perturbation, and therefore it was unnecessary to reduce the workspace as was done for the y-shift one-point group.

During the exposure phase of this experiment, two training locations were used: one on the left (-2.5, 35.0) and one on the right (12.5, 35.0) of the grid center. The paradigm was similar to the one point study except that subjects alternated between pointing to the left and right target for a total of 60 repetitions, 30 repetitions at each target. For the control group the cursor accurately represented finger position. For the y-shift group the subject had to point 10 cm towards the body at the left target and 10 cm away from the body at the right target so as to appear on target (arrows in Figure 3d).

We chose the perturbations at the two points to be of opposite sign in the y (sagittal) direction to test the hypothesis that the transformation was constrained to generalize linearly. Such a perturbation, displayed in Figure 3d, introduces a conflict if the transformation were to be interpreted in a globally linear way. That is, the Cartesian linear hypothesis (Figure 1) would predict for each perturbation a globally linear generalization of opposite sign, thereby cancelling to produce no generalization. On the other hand, the Cartesian decaying hypothesis predicts that the two perturbations will each generalize to the region of space around them. There are many other possible patterns of generalization consistent with the perturbation; for example, a counterclockwise rotation about the central target or a skew transform.

Analysis

To study the effect of initial pointing inaccuracies, the pre-exposure pointing errors were analyzed in each group separately. The mean finger position for each target was calculated together with its covariance matrix. The mean pointing locations were plotted, together with their corresponding targets, as 95% confidence ellipses centered around the sample mean.

The mean time to reach the target over batches of five trials was plotted as a measure of the improvement in target acquisition during the exposure phase.

To assess generalization of the visuomotor transformation, the subjects’ change in pointing behavior between the pre-exposure and post-exposure phases was analyzed. For each subject and target, the mean change in pointing position between the pre-exposure and post-exposure phases was calculated, along with the corresponding covariance matrices. The subjects’ data was combined within each group and target, yielding the mean change for the group and the covariance matrix for each target. Each vector change and covariance matrix is based on 128 data points (8 subjects × 8 repetitions × pre- and post-exposure conditions). The mean change in pointing position for each target was plotted at that target as an arrow, with the 95% confidence region around the mean shown as an ellipse. These plots therefore show the change in the pointing behavior subsequent to the exposure phase, while factoring out any consistent initial inaccuracies in pointing. The significance of the overall changes in pointing errors was assessed through separate ANOVAs for each group, with phase (preand post-exposure) and target as within-subject factors.

Two representations were used to display the data. First, an interpolated vector field was obtained from the mean change vectors by kernel smoothing (Gaussian kernels with standard deviation of 7.0 cm). Second, the smoothed vector fields were used to estimate the proportion adaptation in the direction of the perturbation, which were plotted as grayscale contour plots. These contour plots, therefore, display an estimate of the proportion adaptation over the workspace.

The analysis for the two-point perturbation groups was identical to that performed for the one-point groups, except for the increased number of targets. To obtain the interpolated vector fields and contour plots, the Gaussian kernel width of the smoothing algorithm was reduced to 3.5 cm, since there was a higher density of data points collected over the same workspace. For the two-point perturbation groups the time to reach the target was batched over 10 trials.

Computational Model

A simple computational model of the visuomotor transformation was developed in which adaptation to a local perturbation could be simulated. This model is used to examine the properties of a network of sensorimotor units with localized sensory receptive fields. The population activity of these units determines the motor output of the network. Rather than to model the detailed neurophysiology of the sensorimotor transformation, the goal of this modeling effort was to offer a simple, intuitive model which can capture the psychophysics of the phenomenon.

The model consists of a layer of units, organized in a map, which computes the transformation from Cartesian coordinates of the target, denoted by (x_t, y_t) to the joint angles required for a two-joint arm to reach that target, (θ_1, θ_2). Each unit i has a sensory receptive field in Cartesian space with center (x_{ci} , y_{ci} ) and width σ_i. The firing rate of each unit, F_i, falls off in a Gaussian manner with distance from the receptive field center: F_i ∝ exp{− 1 2σ^2_i

[(x_t − x_{ci} )^2 + (y_t − y_{ci} )^2]}. (1)

Each unit also has a motor output, represented by its preferred joint configuration (θ_{1i} , θ_{2i} ). The actual motor output arises from the population activity of the entire map, which is computed through a normalized weighted average:

θ_1 = P_{i Fiθ1i} P_{i Fi} (2)

and similarly for θ_2.

Learning (or adaptation) takes place in an unsupervised manner by using concurrent sensory and motor inputs to modify the preferred motor output of each unit. By randomly moving the arm to different locations and observing pairs of actual joint coordinates (through proprioception) and Cartesian coordinates (through vision), each unit modifies its preferred motor output in the direction of the observed joint coordinates by an amount proportional to its firing rate:

Δθ_{1i} = ηF_i(θ_1 − θ_{1i} ). (3)

Here, Δθ_{1i} denotes the change in preferred motor output of unit i for the first arm angle, and η is the learning rate. A similar equation describes the learning rule for θ_{2i} . We discuss the limitations of this model and its relation to other models of the visuomotor transformation in the Discussion.

Training Protocol for the Model

We attempted to reproduce the conditions of the psychophysical experiments in the protocol for training and testing the model. The units in the model were initialized with random preferred motor outputs (sampled uniformly from the joint angles covering the workspace). To account for the fact that subjects start the experiment with a roughly unperturbed visuomotor map, the model was trained with 1000 pairs of unperturbed inputs using equation 3. This represents the normal visuomotor experience with which subjects enter the experiment.

The pre-exposure pointing errors was assessed in the model by stimulating the visual array at each of the 9 (11, for the two-point experiment) target locations, and computing the population motor activity using equation 2, obtaining joint angles (θ_1, θ_2). These angles were converted into Cartesian coordinates of the hand using the kinematic equations of a two-joint planar arm, x = l_1 cos(θ_1) + l_2 cos(θ_1 + θ_2) y = l_1 sin(θ_1) + l_2 sin(θ_1 + θ_2).

The pre-exposure pointing errors were then computed by subtracting the Cartesian hand position from the target position. The parameters for the model are shown in Table 1.

Insert Table 1 about here

Exposure to the perturbation was simulated by simultaneously presenting the network with the target in Cartesian coordinates and the perturbed joint angles corresponding to the target. The magnitude of the perturbations and the number of exposures (applications of equation 3) used in the simulations were equal to those used in the three perturbation groups. Post-exposure pointing was assessed in a manner identical to pre-exposure pointing. From the pre- and post-exposure pointing, a vector field of changes in pointing was computed and the pattern of generalization in the model was compared to that observed in humans.

Experimental Results

Pre-exposure errors

Insert Figure 4 about here

Subjects showed a consistent pattern of pointing errors in the pre-exposure phase. The pattern of inaccuracies in initial pointing was similar between groups and generally showed a bias away and to the left of the targets (Figure 4). In particular, pointing at the central training point was biased away (in the positive y direction) and to the left for all five groups; the bias away was generally larger for the three targets on the right, and the leftward bias was generally larger for the targets on the left.

Learning during the exposure phase

Insert Figure 5 about here

Due to the limited visual feedback, the target was difficult to find during the exposure phase. For all three perturbation groups, the target initially took longer to acquire than in their respective controls (Figure 5). Over the course of the exposure phase, the time to acquire the targets dropped to levels not significantly different from the controls.

Generalization

Control groups

The pattern of generalization for the controls is shown in Figure 6. The figure represents the change in pointing between pre- and post-exposure phases plotted as vectors centered at each target. For example, a 1 cm leftward-pointing arrow would signify that subjects’ pointing to that target changed by 1 cm to the left between the pre- and post-exposure sessions. The ellipses centered at the arrow tip are 95% confidence ellipses for the change in the sample mean. The per target ANOVAs reveal that none of these changes are significant at the α = 0.05 level. The interpolated vector field of changes shows a small trend towards the left for the one-point control (Figure 6b), which is not present for the two-point control (Figure 6d).

Insert Figure 6 about here

The ANOVA (summarized in Table 2) shows no significant main affect of phase for the x or y directions. The main effect of phase indicates the global component of change between the pre- and post-exposure phases. Therefore, the control subjects, as expected, did not change their pointing behavior in either the x or the y direction.

Insert Table 2 about here

Perturbation groups

We now consider the effect of introducing a remapping at one input-output pair. The general effect of introducing such a perturbation was to induce significant changes in the pointing behavior not only at the remapped point but at neighboring points as well. The pattern of generalization for the x-shift group is shown in Figure 7a; the change in pointing between the pre- and post-exposure phases was significant at 6 out of the 9 targets (left and middle columns of targets) in the x direction and at 1 out of 9 targets (top right target) in the y direction. The shift was greatest at the training point (4.9 cm) and decreased in magnitude away from this point. The overall ANOVA (summarized in Table 2) shows a significant main effect of phase for the x direction indicating a global change between the pre- and post-exposure phases.

The interpolated vector field of changes for the x-shift group (Figure 7d) shows a pattern of decaying rightward changes with a downward y trend further from the subject. The proportion adaptation in the direction of the perturbation computed from the vector fields is depicted in Figure 7g as a grayscale contour plot. This shows the pattern of greatest change occurs at the training point and decays with distance away from it.

Insert Figure 7 about here

The pattern of generalization for the y-shift group is shown in Figure 7b. The change in pointing between the pre- and post-exposure phases was significant at 1 out of 9 targets (target 8) in the x direction and at 3 out of 9 targets (targets 1, 2 and 5) in the y direction. As in the x-shift group, the shift was again greatest at the training point (2.2 cm). Changes were most pronounced at the two rows closest to the subject; there were no significant changes in the row of targets furthest from the subject. The overall ANOVA indicates that the y direction of change in the y shift group was marginally significant (F_{1,7} = 3.75, p = 0.09).

The interpolated vector field of changes for the y-shift group is shown in Figure 7e. This highlights the pattern of downward (i.e. towards the body) changes decaying away from the training point. The proportion adaptation contour plot (Figure 7h) again highlights a pattern of adaptation that is greatest near the training point and decays away from it.

Figure 7a shows the pattern of generalization for the y-shift two-point group. The change in pointing between the pre- and post-exposure phases was significant at 2 out of 11 targets (targets 3 and 6) in the x direction and at 4 out of 11 targets (targets 8–11) in the y direction. Additional marginally significant (p < 0.10) changes occurred at 1 target (targets

4) in the x direction and at 4 out of 11 targets (targets 1, 2, 4 and 6) in the y direction. The change was greatest at the right training point (6.2 cm), followed by the target immediately to its right (4.9 cm), and then at the left training point (4.7 cm).

The interpolated vector field for the y-shift two-point group (Figure 7f) shows a change in pointing away from the body in the upper right half of the workspace and towards the body in the lower left half. The ANOVA (Table 2) showed no significant main effects of phase but a highly significant interaction of phase and target in the y direction, reflecting the nonlinear effect. The corresponding grey-scale contour plot shows two areas of adaptation in opposite directions centered about each of the two targets (Figure 7i).

Simulation Results

When exposed to each of the three experimental perturbations, the pointing behavior of the model adapts in the compensatory direction. Adaptation is largest at the training point and decays away from it (Figure 8a, b, & c). The decay is symmetric about the training points in Cartesian coordinates (Figure 8d, e, & f).

Insert Figure 8 about here

Discussion

Summarizing the results, a remapping of one and two points in the human visuomotor transformation induced significant changes in pointing over the workspace. Changes in pointing were greatest at the site of the perturbation and decayed away from it. When opposite perturbation were imposed at two points in the visuomotor map, the changes in pointing decayed away from each point. The pattern of generalization resulting from the two point remapping suggests that the effect of a perturbation at multiple points may be the superposition of the effects at each point.

Referring back to the qualitative models discussed in the introduction (Figure 1), the pattern of generalization, although broadly classifiable as nonlinear, closely resembles the Cartesian decaying pattern. Several specific models can be ruled out. First, the pattern of generalization in all three experimental groups was nonlinear, and therefore inconsistent with models in which adaptation is constrained to be linear (Bedford, 1989; Bedford, 1993a). Two factors could account for the discrepancy between our results and Bedford’s. First,

Bedford examined adaptation along a constant depth arc, while our experiment examined adaptation in the plane. Nonlinear adaptation, when projected onto a lower dimensional subspace, may appear linear. Second, differences in methodology could have contributed to this discrepancy: Our experimental setup allowed the finger and visual feedback cursor to be collocated in space, whereas in Bedford’s setup the target feedback was distant from the finger. Bedford (1993b) has subsequently examined adaptation in the horizontal plane using a setup in which the subject moved a pen on a tablet, while viewing a cursor on a monitor . Her results suggest that certain linear transformations, such as changes in scale, are easier to learn than other transformations, such as those that do not preserve shape. Her results do not, however, address generalization from one point to another in the plane.

The data from the one-point groups is also not consistent with a model in which adaptation is represented as a change in felt direction of gaze (Harris, 1965). Due to the arrangement of the chinrest and table, the subjects’ eyes are sagittally away from (by 35 cm) and above (by 25 cm) the position of the training point. If adaptation were represented as a constant angular offset in the felt direction of gaze, one would have expected larger shifts in pointing at the more distant targets for both the x- and y-shift groups—in fact these shifts were generally smaller. The opposite direction perturbations in the two-point remapping condition could have been interpreted by the visuomotor system as a single counterclockwise rotation about the central target. However, this hypothesis is also not supported by the data, as it predicts large opposite-sign x-shifts at the middle-top and middle-bottom targets, and neither these nor the other peripheral targets demonstrate this rotatory pattern of changes.

Assumptions and Limitations of the Model

The effects of locally perturbing the visuomotor transformation were qualitatively captured by a simple network model consisting of sensorimotor units with localized Gaussian receptive fields. In this model the population activity of the units determined the motor command in response to a visual target. Learning took place through pairing motor commands with visual locations of the hand.

The model simplifies the sensorimotor transformation in several ways. At the sensory side the inputs to the visuomotor system clearly do not arrive in Cartesian body-centered coordinates, but are transformed from retinotopic coordinates using eye position and head orientation information. The neurophysiological results suggest that at this level of the sensorimotor transformation neurons have large retinotopic receptive fields modulated by eye position and head orientation inputs (Andersen, 1987; Snyder et al., 1993). It is still a topic of debate whether this representation is body-centered (Zipser and Andersen, 1988) or some distributed combination of coordinates (Pouget and Sejnowski, 1995). In either case, this representation contains enough information to extract the body-centered coordinates used in our model.

This model also simplifies the motor process. The motor output of the CNS is clearly not a set of joint coordinates, but rather a complex dynamic pattern muscle activations. Given that the experiment was based on a static pointing task we chose not to model the forces and dynamical equations leading the hand to equilibrium at the target. Instead, we the visuomotor transformation modeled could be viewed as the transformation between visual target and planned endpoint of movement. If, as suggested by several researchers, the central motor command is an equilibrium point or trajectory of the arm (Bizzi, Feldman, etc), the relation between such a motor plan in joint coordinates and the motor commands would be relatively simple. However, in general, this may not be the case.

The model obtains the output of the sensorimotor transformation through a population average of the units’ outputs. This feature of the model was motivated by evidence for population coding in the motor cortex (Georgopoulos et al., 1983; Georgopoulos et al., 1986). Evidence from the same group suggests that this population activity codes movement vector in extrinsic (task) coordinates. However, in the model we adopt an output representation in joint coordinates. This is more in line with recent results suggesting that movement representation in primary motor cortex is modulated by initial joint coordinates (Scott and Kalaska, 1995).

In the experimental data, the one-point perturbation in the x direction induced larger changes in pointing than the one-point perturbation in the y direction. This difference in magnitude of adaptation was not predicted by the model, which assumes that both the learning rates and receptive fields sizes are isotropic. Two factors could account for the anisotropy observed in the human data. First, the visuomotor map may be more adaptable to shifts in the x (transverse) direction, than to shifts in the y (combined sagittal and depth) direction. Such a difference in adaptability could be accommodated in the model by different learning rates. Second, the effect could be perceptual—i.e. a less perceptually salient perturbation could result in smaller adaptation. In fact, although the magnitude of the perturbations was equal in extrinsic space, the visual angle subtended was smaller for the y perturbation than for the x perturbation.

The Function Approximation Framework

Both the experimental results and the model can be interpreted within the computational framework of function approximation. In this framework, learning the visuomotor transformation consists of approximating the mapping between visual and motor coordinates. As there are infinitely many possible mappings consistent with any finite set of input-output pairs, the problem is clearly ill-posed. The mathematical theory of function approximation states that, to obtain a solution to this ill-posed problem, constraints have to be placed on the function approximator (Tikhonov and Arsenin, 1977).

For our experiment, the “function approximator” is the visuomotor system, which is faced with the ill-posed problem of recalibrating its mapping based on one or two novel visuomotor pairings. The pattern of recalibration, i.e. the generalization, which results from this limited exposure, reflects the structure and constraints underlying the visuomotor map (Sanger, 1994). For example, if the visuomotor map were represented as a look-up table in which corresponding input-output pairs are stored (Atkeson, 1989; Rosenbaum et al., 1993), training at one point would simply change the pairing at that point while leaving unaltered previously learned pairings. At the other extreme, the visuomotor mapping could be represented parametrically, for example by vectorially combining the retinal location of the target with estimates of eye-position and head-position to produce body-centered target coordinates. Adaptation in such a system would constitute a recalibration, such as an added bias or scaling, of these estimated sensory inputs (e.g. Harris, 1965; Craske, 1967; Lackner, 1973). A sensory recalibration in such a vectorial representation generalizes over the entire workspace. The pattern of generalization observed in our experiment is therefore neither consistent with the local look-up table representation nor the global parametric representation.

The model presented in this paper is an instance of a class of function approximators known as radial basis function networks (Broomhead and Lowe, 1988; Moody and Darken, 1989). These models, which approximate the function via a superposition of bases (in our case Gaussians), can be derived by assuming that the function approximator trades off how closely it fits the input-output data with how smooth the resulting function is (Poggio and Girosi, 1989). In other words, such a system is intrinsically biased towards learning smooth mappings.

Related Generalization Studies

Other than Bedford’s (1989, 1993) studies mentioned in the introduction, several recent studies have addressed visuomotor generalization. Using a setup in which hand movements produced cursor movements on a monitor, Imamizu et al. (1994) examined pointing under a 75^ffi rotatory perturbation. The subjects’ goal was to acquire targets randomly presented in a circle about the initial cursor location as rapidly as possible, where the duration of the ballistic portion of the movement was used as a measure of learning. The results of their study indicate that learning this rotation on movements in one direction generalized to movements in another direction. Subjects were fully informed of the nature and amount of the perturbation; therefore, the experiment confounds perceptual and cognitive components of the task and the study may consequently bear more on task learning than on the representation of the visuomotor mapping.

Shadmehr and Mussa-Ivaldi (1994) studied adaptation and generalization to viscous (velocity-dependent) force fields during target directed movements. They found that exposure to such a force field in the left portion of the workspace generalized to the right portion of the workspace in joint-based, rather than Cartesian, coordinates. Our results suggest that visuomotor (kinematic) learning generalizes in extrinsic Cartesian coordinates. Furthermore, evidence from studies of adaptation to visual distortions of point-to-point movement suggests that the kinematics of arm movement is planned in extrinsic coordinates (Wolpert et al., 1995). These results may indicate an interesting dichotomy between the representation of kinematics, in extrinsic coordinates, and dynamics, in intrinsic joint-based coordinates.

A relevant series of studies has also been conducted in the purely perceptual domain of object recognition by Bülthoff and Edelman (1992). Subjects were trained to recognize 2D views of amoeba-like objects, after which generalization to other poses (2D projections) of the object was assessed. Recognition was found to fall off smoothly, in a Gaussian-like manner, with distance from the presented viewpoint. This finding has been taken as support for a theory of object recognition based on the superposition of Gaussian basis functions, each of which represents a 2D object view (Poggio and Hurlbert, 1994).

It is interesting that our studies of visuomotor generalization show qualitatively similar effects to Bülthoff and Edelman’s (1992) purely perceptual study. It may be that similar representational schemes are used in different perceptual and motor systems in the CNS. It is known that maps of visual and auditory space are kept in alignment in the midbrain tectum of owls (Knudsen, 1982), cats (Harris et al., 1980; Stein and Meredith, 1993), and primates (Jay and Sparks, 1984) and that prismatically imposed displacements of visual space alter the corresponding map of auditory space (Knudsen and Knudsen, 1989). An interesting, as yet unanswered, empirical question is whether the generalization that arises to local visuo-auditory remappings shows a similar pattern.

Conclusion

When we reach to a visually-perceived object, our central nervous system transforms visual information into coordinates appropriate for movement. Local perturbations of the relationship between visual and proprioceptive space reveal the pattern by which learning in this visuomotor transformation generalizes over space. This pattern of generalization highly constrains the possible computational schemes by which the central nervous system could be computing the visuomotor transformation. In this study we have shown that visuomotor generalization decays gradually from the loci of perturbations. A model in which the transformation is computed though the population activity of units with large Gaussian receptive fields captures this behavior.

References

Andersen, R. (1987). Inferior parietal lobule function in spatial perception and visuomotor integration. In Plum, F. and Mountcastle, V., editors, Handbook of Physiology: The Nervous System. Higher Functions of the Brain, pages 483–518. Am. Physiol. Soc., Rockville, MD.

Andersen, R., Essick, C., and Siegel, R. (1985). Encoding of spatial location by posterior parietal neurons. Science, 230:456–458.

Atkeson, C. (1989). Learning arm kinematics and dynamics. Ann.Rev.Neurosci., 12:157–183.

Bedford, F. (1989). Constraints on learning new mappings between perceptual dimensions.

J. of Experimental Psychology: Human Perception and Performance, 15(2):232–248.

Bedford, F. (1993a). Perceptual and cognitive spatial learning. J. of Experimental Psychology: Human Perception and Performance, 19(3):517–530.

Bedford, F. (1993b). Perceptual learning. In Medin, D., editor, The Psychology of Learning and Motivation, volume 30, pages 1–60.

Broomhead, D. and Lowe, D. (1988). Multivariable functional interpolation and adaptive networks. Complex Systems, 2(3):321–355.

Bülthoff, H. and Edelman, S. (1992). Psychophysical support for a two-dimensional view interpolation theory of object recognition. Proceedings of the National Academy of Sciences (USA), 89:60–64.

Craske, B. (1967). Adaptation to prisms: Change in internally registered eye-position. British Journal of Psychology, 58:329–335.

Flanders, M. and Soechting, J. (1990). Parcellation of sensorimotor transformation for arm movements. J.Neurosci., 10:2420–2427.

Flanders, M., Soechting, J., and Tillery, S. H. (1992). Early stages in a sensorimotor transformation. Behavioral and Brain Sciences, 15:309–362.

Georgopoulos, A., Caminiti, R., Kalaska, J., and Massey, J. (1983). Spatial coding of movement: a hypothesis concerning the coding of movement direction by motor cortical populations. Exp.Brain Res.suppl., 7:327–336.

Georgopoulos, A., Schwartz, A., and Kettner, R. (1986). Neuronal population coding of movement direction. Science, 233:1416–1419.

Harris, C. (1965). Perceptual adaptation to inverted, reversed, and displaced vision. Psychological Review, 72:419–444.

Harris, L., Blakemore, C., and Donaghy, M. (1980). Integration of visual and auditory space in the mammalian superior colliculus. Nature, 288:56–59.

Hay, J. and Pick, H. (1966). Gaze-contingent prism adaptation: Optical and motor factors.

J. of Experimental Psychology, 72:640–648.

Held, R. (1965). Plasticity in sensory-motor systems. Scientific American, 213:84–94.

Held, R., Efstathiou, A., and Greene, M. (1966). Adaptation to displaced and delayed visual feedback from the hand. J. Exp. Psychol., 72:887–891.

Howard, I. (1982). Human visual orientation. Wiley, Chichester, England.

Imamizu, H., Uno, Y., and Kawato, M. (1994). Internal representations of the motor apparatus: Implication from generalization in visuo-motor learning. Unpublished Manuscript.

Jay, M. and Sparks, D. (1984). Auditory receptive fields in primate superior colliculus shift with changes in eye position. Nature, 309:345–347.

Kalaska, J. and Crammond, D. (1992). Cerebral cortical mechanisms of reaching movements.

Science, 255:1517–1523.

Knudsen, E. (1982). Auditory and visual maps of space in the optic tectum of the owl. J.

Neurosci., 2:1177–1194.

Knudsen, E. and Knudsen, P. (1989). Vision calibrates sound localization in developing barn owls. J. Neuroscience, 9(9):3306–3313.

Lackner, J. (1973). Visual rearrangement affects auditory localization. Neuropsychologia, 11:29–32.

Moody, J. and Darken, C. (1989). Fast learning in networks of locally-tuned processing units. Neural Computation, 1(2):281–294.

Poggio, T. and Girosi, F. (1989). A theory of networks for approximation and learning. AI Lab Memo 1140, MIT.

Poggio, T. and Hurlbert, A. (1994). Observations on cortical mechanisms for object recognition and learning. In Koch, C. and Davis, J., editors, Large-Scale Neuronal Theories of the Brain, pages 153–182. MIT Press, Cambridge, MA.

Pouget, A. and Sejnowski, T. (1995). Spatial representation in the parietal cortex may use basis functions. In Tesauro, G., Touretzky, D., and Leen, T., editors, Advances in Neural Information Processing Systems 7. MIT Press, Cambridge, MA.

Rosenbaum, D., Engelbrecht, S., Bushe, M., and Loukopoulos, L. (1993). Knowledge model for selecting and producing reaching movements. Journal of Motor Behavior, 25(3):217– 227.

Sanger, T. (1994). Using the genereralization properties of a neural network to infer the number and shape of its hidden units. Unpublished manuscript.

Scott, S. and Kalaska, J. (1995). Changes in motor cortex activity during reaching movements with similar hand paths but different arm postures. J. Neurophysiology, 73(6):2563– 2567.

Shadmehr, R. and Mussa-Ivaldi, F. (1994). Adaptive representation of dynamics during learning of a motor task. J. Neurosci., 14(5):3208–3224.

Snyder, L., Brotchie, P., and Andersen, R. (1993). World-centered encoding of location in posterior parietal cortex of monkey. Society For Neuroscience Abstracts., 19((1-3)):770.

Soechting, J. and Flanders, M. (1989a). Errors in pointing are due to approximations in sensorimotor transformations. J.Neurophysiol., 62:595–608.

Soechting, J. and Flanders, M. (1989b). Sensorimotor representations for pointing to targets in three-dimensional space. J.Neurophysiol., 62:582–594.

Stein, B. and Meredith, M. (1993). The Merging of the Senses. MIT Press, Cambridge, MA.

Stratton, G. (1897a). Upright vision and the retinal image. Psychological Review, 4:182–187.

Cited in Welch (1978)and Blauert (1983).

Stratton, G. (1897b). Vision without inversion of the retinal image. Psychological Review, 4:341–360, 463–481. Cited in Blauert (1983) and Welch & Warren (1986).

Tikhonov, A. and Arsenin, V. (1977). Solutions of Ill-Posed Problems. W.H. Winston, Washington, D.C.

von Helmholtz, H. (1925). Treatise on physiological optics (1867). Optical Society of America, Rochester, New York.

Welch, R. (1978). Perceptual Modification. Academic Press, New York.

Welch, R. (1986). Adaptation to space perception. In Boff, K., Kaufman, L., and Thomas, J., editors, Handbook of perception and performance, volume 1, pages 24–1–24–45. Wiley– Interscience, New York.

Wolpert, D., Ghahramani, Z., and Jordan, M. (1995). Are arm trajectories planned in kinematic or dynamic coordinates? An adaptation study . Experimental Brain Research, 103(3):460–470.

Zipser, D. and Andersen, R. (1988). A back-propagation programmed network that simulates response properties of a subset of posterior parietal neurons. Nature, 331:679–684.

Acknowledgments

This project was supported in part by a grant from the McDonnell-Pew Foundation, by a grant from ATR Human Information Processing Research Laboratories, by a grant from Siemens Corporation, by a grant IRI-9013991 from the National Science Foundation, and by grant N00014-94-1-0777 from the Office of Naval Research. Zoubin Ghahramani and Daniel M. Wolpert were supported by fellowships from the McDonnell-Pew Foundation. Michael I. Jordan is a NSF Presidential Young Investigator.

Table 1

Model Parameters Units 8 × 8 grid Receptive Field Size (σ) 5 cm Learning Rate (η) 0.5 Upper Arm Length (l_1) 30 cm Lower Arm Length (l_2) 43 cm

Table 1: Parameters of the model used in simulations.

Table 2

Analysis of Variance Group Dir Phase Target Phase × Target F_{1,7} p F_{8,56} p F_{8,56} p One-point Control x 2.16 ns 3.75 < 0.01 < 1 ns y < 1 ns 2.57 < 0.05 1.61 ns One-point X Shift x 15.83 < 0.01 5.96 < 0.001 2.06 ns y 1.96 ns 9.51 < 0.001 1.36 ns One-point Y Shift x < 1 ns 1.35 ns 2.11 < 0.05 y 3.75 ns < 1 ns 1.87 ns F_{1,7} p F_{10,70} p F_{10,70} p Two-point Control x < 1 ns 6.73 < 0.0001 2.22 < 0.05 y < 1 ns 9.73 < 0.0001 1.54 ns Two-point Y Shift x < 1 ns 12.66 < 0.0001 1.82 ns y < 1 ns 16.54 < 0.0001 12.73 < 0.0001

Table 2: Summary of the two-factor within-subject ANOVAs for the five experimental groups and two directions (Dir). Non-significant effects at the α = 0.05 level are denoted by ns.

Figure Captions

Figure 1. Schematic of some possible patterns of generalization arising from a remapping of the central visual target to a finger position to the right of the target. The arrows represent possible changes in pointing behavior after exposure to this remapping. A rightward change in pointing (arrow to the right) at the central target corresponds to direct adaptive effects of the perturbation; any changes at the other eight targets correspond to indirect generalization effects.

Figure 2. Apparatus used to introduce limited visuo-motor remappings. The position of the finger was captured on-line by a computer which calculated the perturbed finger position. The feedback of finger position was projected onto a screen as a cursor spot. Looking down at the mirror, the subjects saw the virtual image of the cursor spot, in the plane of the finger—the actual finger location was hidden from view. By controlling the illumination of the cursor spot, the visual feedback, and therefore the remapping, could be limited to particular areas of the workspace.

Figure 3. a) The position of the grid of targets is shown relative to the subject. Also shown, for the x-shift condition, is the perceived and actual finger position when pointing to the central training target. The visually perceived finger position is indicated by a cursor spot which is displaced from the actual finger position. b) A schematic showing the perturbation for the x-shift group. To see the cursor spot on the central target the subjects had to place their finger at the position indicated by the tip of the arrow—a 10 cm one-point visuomotor remapping. c) A schematic similar to b) showing the perturbation for the one-point y-shift group. d) A schematic showing the perturbation for the two-point y-shift group.

Figure 4. The targets (solid squares) and pre-exposure pointing locations are shown, for all five groups, as 95% confidence ellipses centered around the mean.

Figure 5. Target acquisition time as a function of trial during the exposure phase for the a) one-point x-shift, b) one-point y-shift, and c) two-point y-shift groups, plotted relative to their respective controls. For clarity, the standard error bars are shown in one direction only.

Figure 6. Average change in pointing for the a) one-point and c) two-point control groups. The arrows show the change centered on the visually presented target along with 95% confidence ellipses. Vector field of changes smoothed with Gaussian kernels for the b) one-point and d) two-point control groups.

Figure 7. Average change in pointing for the a) one-point x-shift, b) one-point y-shift, and c) two-point y-shift groups. Smoothed vector field of changes for d) one-point x-shift, e) one-point y-shift, and f) two-point y-shift groups. Proportion adaptation relative to the size of the perturbation for the g) one-point x-shift, h) one-point y-shift, and i) two-point y-shift groups. In g) lightest shade corresponds to 40% adaptation and the darkest shade corresponds to 11% adaptation; in h) the lightest shade corresponds corresponds to 16% adaptation and the darkest shade corresponds to 6% adaptation; in i) the lightest shade corresponds to 58% adaptation in the positive y direction and the darkest shade corresponds to 42% adaptation in the negative y direction.

Figure 8. Pattern of generalization for the model under each of the three different experimental conditions. Average change in pointing for the a) one-point x-shift, b) one-point y-shift, and c) two-point y-shift condition. This was computed by subtracting pre- from post-exposure pointing of the model to targets at 5 cm intervals over the workspace. Proportion adaptation relative to the size of the perturbation for the d) one-point x-shift, e) one-point y-shift, and f) two-point y-shift conditions.

Figure 1:

Figure 2:

Figure 3:

Figure 4:

Figure 5:

Figure 6:

Figure 7:

Figure 8: