
Behavioral/Cognitive
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A key issue in motor control is to understand how the motor system chooses a solution from the multiple solutions that exist to achieve
any particular task goal. One hypothesis is that redundancy may be resolved by minimizing movement-related costs. However, testing
this prediction in motor learning has been problematic in simple laboratory tasks, like reaching, because the motor system already has
extensive prior knowledge about redundancy in these tasks. Here, we used a novel task where healthy human participants performed
finger movements to guide a computer cursor to different targets on the screen. Through training, all participants learned to perform
successful goal-directed movements. Our findings showed that subjects did not develop a single inverse map from target to hand posture.
Instead, they learned to use distinct hand postures to get to a single target, using a strategy in which the final hand posture at the target
depended on the starting hand posture. Furthermore, postures chosen also depended upon the information content of visual feedback,
with precise visual feedback resulting in postures that minimized movement-related costs. These results reinforce the idea that redun-
dancy is exploited to minimize movement-related costs and that feedback plays a critical role in modulating this ability to effectively take
advantage of the abundance of degrees of freedom.

Introduction
There exist two competing approaches in motor control that de-
scribe how the nervous system resolves the issue of redundancy
(Bernstein, 1967). The first approach is to reduce redundancy by
introducing constraints between the multiple degrees of freedom
(Donders, 1848; Borghese et al., 1996), whereas the second ap-
proach resolves redundancy by minimizing movement-related
costs (Hollerbach and Suh, 1987; Mussa-Ivaldi et al., 1988;
Mussa-Ivaldi and Hogan, 1991; Todorov and Jordan, 2002). This
latter strategy can be considered as “exploiting redundancy” be-
cause to achieve any particular task goal, the solution corre-
sponding to the least movement cost is not unique—rather,
different solutions to achieve the same task goal may be adopted
depending on the initial conditions of the movement. In humans,
evidence for exploiting redundancy to minimize movement-
related costs has been shown in several reaching studies where the
choice of arm posture used to get the hand to a particular location
in external space depends on the starting arm posture (Soechting
et al., 1995; Gielen et al., 1997; Medendorp et al., 2000; Vetter et
al., 2002).

This hypothesis that the nervous system resolves redundancy
by minimizing movement-related costs makes a specific predic-
tion in motor learning: early in learning, when the controller does
not have adequate knowledge of the redundancy in the system,
the final postures used for getting to a particular task location
when starting from different starting postures should be less sep-
arable (i.e., less distinct). With further practice, however, once
the controller determines the redundancy in the system, it could
use this redundancy to minimize movement related-costs. This
strategy would imply that the final postures chosen for a partic-
ular task location would be distinct for movements initiated from
different starting postures, leading to an increase in separability
with learning (along with a decrease in the movement-related
cost). This prediction is in contrast to the constraint-inducing
strategy where the separability between these final postures
should decrease with learning (i.e., participants would effectively
converge to a single final posture for getting to a task location
since the redundancy is reduced by the induced constraints).

However, a potential difficulty with testing this prediction
using familiar tasks like reaching is that the motor system already
has extensive knowledge of how the multiple degrees of freedom
relate to the task-relevant variable (e.g., how changes in the joint
angles of the arm relate to changes in hand position) and there-
fore, this prior knowledge of redundancy may confound the ef-
fects of learning in these tasks. Here, we addressed this issue by
using a novel task which involved controlling a computer cursor
using changes in hand posture (Mosier et al., 2005; Danziger et
al., 2009; Liu et al., 2011). We examined the hand posture ad-
opted when the cursor was always at a single target location. We
found that participants adopted distinct hand postures at the
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target, using a strategy in which the final hand posture depended
on the starting hand posture. This strategy tended to minimize
movement-related costs, but only in the presence of precise visual
feedback.

Materials and Methods
Participants
Eighteen young healthy adults (9 females, mean age � 24 � 2 years)
participated in the study. All participants were right handed. Participants
provided informed consent and all procedures were approved by the
Northwestern University IRB.

Task
Participants wore a Cyberglove (Immersion Technologies) on their right
hand that measured a total of 19 joint angles (the 3 wrist sensors were
excluded). The 19 joint angles of the hand were linearly mapped on to the
position of a cursor on a screen and the task of the participants was to
move the cursor to different targets that were displayed on a 5 � 5 grid
(Fig. 1A). The sampling frequency was set at 60 Hz. Vision of the partic-
ipants’ arm and hand was obscured using black cloth that was draped
over the arm.

The 19-dimensional vector (h) representing the hand posture was
linearly mapped on to the 2-D position of the cursor (p) using the equa-
tion below (Mosier et al., 2005; Liu and Scheidt, 2008):

� x
y �� �a1,1 a1,2 … a1,18 a1,19

a2,1 a2,2 a2,18 a2,19
��

� h1 h2 … h18 h19 �T � �x0

y0
�,

i.e., p � Ah � p0

where the values for the mapping matrix (A) and the offset (p0) were
determined from an initial calibration phase. Throughout the manu-
script, vectors are represented by characters in lower case bold face
whereas matrices are represented by characters in upper case bold face.

This mapping meant that each hand posture was mapped to a single
cursor location but a single cursor location could be achieved using mul-
tiple hand postures. Therefore, to guide the cursor to different (x,y)
locations on the screen, participants had to perform finger movements to
change from one hand posture to another. Holding a static hand posture
resulted in the cursor staying at a single (x,y) location.

Procedure
A schematic of the procedures is shown in Figure 1 B. There were three
main phases in the experiment— calibration, familiarization and
training.

Calibration. To determine the mapping matrix A and the offset p0, we
had participants perform a sequence of free finger movements where
they were instructed to move their fingers in as many different ways as
possible while avoiding extremes of range of motion (Casadio et al.,
2010) until we obtained 4000 –5000 samples (�70 –90 s). Visual feedback
of the 19 individual sensors was provided as a bar graph to encourage
participants to explore different movements. Principal component anal-
ysis (Daffertshofer et al., 2004) using the covariance matrix was per-
formed on this dataset and the first 2 principal components (PCs) were
used as the two rows of the A matrix (i.e., the first PC corresponded to
motion along the x-axis and the second PC to motion along the y-axis).
Because the variation along the first PC is always greater than or equal to
that along the second PC (by definition), the PCs were scaled by the
square root of the respective eigenvalue to make the task difficulty com-
parable along both directions. The offset p0 was computed so that the
mean posture from the calibration phase corresponded to the center of
the 5 � 5 grid.

Familiarization. Before training, participants performed a familiariza-
tion phase that involved trying to reach all 25 targets of the 5 � 5 grid.
This was done just to ensure that all targets in the workspace were reach-
able. All participants were able to reach the targets without requiring a
rescaling of the original mapping matrix.

Training. Following the familiarization block, participants practiced
on 4 targets—3 outer targets and one center target (indicated in dark gray

Figure 1. Experimental setup. A, Schematic of the task. Participants wore a Cyberglove that measured 19 degrees of freedom from the hand. This 19-dimensional vector (h) was linearly mapped
to the 2-D position (p) of a cursor on a screen. Participants were instructed to move the cursor to different targets shown on the screen—the dark gray targets were the training targets and the light
gray targets were the generalization targets. B, Practice schedule for participants on Day 1 and Day 2. C, Visual feedback for different groups for a movement performed in the direction indicated by
the arrow. For the purpose of clarity, only a subset of the 5 � 5 target grid is shown. At any point in time, all groups saw only the instantaneous position of the cursor (i.e., no information about the
previous positions was provided).
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squares in Fig. 1 A). Practice consisted of 16 blocks that were spread over
2 d into 8 blocks/d. Each block consisted of 66 movements (60 move-
ments with visual feedback, 3 “blind” catch trials and 3 return move-
ments following the catch trials with visual feedback). The sequence of
targets in each block was randomized but always consisted of 24 move-
ments to the center target (8 from each outer target) and 12 movements
to each of the 3 outer targets. The choice of this sequence was used as a
trade-off between maximizing the number of movements to the center
target (which was the focus of the data analysis) and minimizing the total
number of movements (to avoid excessive fatigue within a single practice
session). Participants were instructed to get to the center of each target
within a movement time of 2 s.

Training groups. Participants were randomly assigned into one of three
groups that differed in the quality of visual feedback during practice (Fig.
1C). (A) In the Precise group, participants were given precise spatial
information and continuous temporal feedback of the cursor position
which was displayed as small circle. (B) In the Intermittent group, par-
ticipants were provided precise spatial position of the cursor, but were
shown the cursor only intermittently in time. The cursor was displayed
only for 0.1 s every 0.5 s. (C) In the Blur group, participants were given
continuous temporal feedback, but the spatial position of the cursor was
corrupted with white Gaussian noise with zero mean and SD 0.2 (units
were normalized relative to the size of the target square). This resulted in
participants seeing a cloud of 4 – 6 cursors around the actual position of
the cursor (Stevenson et al., 2009). All feedback manipulations were
present only during movement. It is important to note that in all cases,
participants saw only the instantaneous position of the cursor (i.e., the
trail of cursors along the path taken by the cursor was not actually seen by
the participant and is shown in the figure only for clarity). Four out-of-
bounds indicators (up, down, left, right) surrounding the 5 � 5 grid were
used to give feedback when participants moved outside the grid in the
corresponding direction.

When the cursor stopped inside the target, precise visual feedback was
provided for all groups. At the end of each trial, the corresponding target
lighted up in yellow if the participants were inside the target within a
movement time of 2 s. If participants took longer than 2 s to reach the
target, the target was highlighted in red. A scoring system based on the
movement time and accuracy was also used to keep participants moti-
vated. The next target in the sequence was presented only when the
participant successfully reached the previous target.

Blind trials. In each training block, there were 3 blind trials that
appeared randomly, but with the constraint that no blind trials ap-
peared in the first 30 movements. Visual feedback of the cursor was
unexpectedly removed during these trials. The blind trials were al-
ways directed from the center target to the outer targets. At the end of
the catch trial, the cursor position was given as feedback and was
subsequently followed by a return movement back to the center tar-
get. During the first 12 blocks of practice, the blind trials were di-
rected to the same targets as those being trained, whereas in the last 4
blocks of practice the blind trials (i.e., at the end of Day 2) were
directed to three generalization targets that were not part of the train-
ing targets (indicated by the light gray squares in Fig. 1 A).

Data analysis
To simplify statistical analysis and presentation of the data, we
grouped the 8 practice blocks of each day into two phases—the early
phase, which consisted of the first 4 blocks, and the late phase, which
consisted of the last 4 blocks. This meant that each phase consisted of
96 postures at the center target (32 from each outer target), which also
provides greater robustness for the estimates of variance and classifi-
cation accuracy.

Task performance. The task performance was quantified by two met-
rics—the Euclidean error and movement straightness. The Euclidean
error was quantified by the Euclidean distance between the center of the
target and the cursor at the end of the movement. The end of the move-
ment was defined as the point at which the distance between two succes-
sive glove data samples did not change by �2 units (�1°) for 10
consecutive samples. If the movement time was �2 s, the error was
computed at 2 s into the movement. For the blind trials with no visual

feedback, the error was computed at the end of movement. Movement
straightness was measured using the aspect ratio, i.e., the maximum per-
pendicular distance on the screen (measured from the line joining the
start and the end points of the movement) normalized to the straight line
distance between the start and end points.

Variance accounted for by first 2 PCs. The hand postures adopted
throughout the whole movement in each phase were analyzed using
principal component analysis. Since the task could theoretically be
achieved by using only 2 PCs (the task space is planar), we examined the
fraction of variance accounted for by 2 PCs and how this changed with
learning. We eliminated postures when the hand was static (i.e., when
there was no change in the glove data) so that these postures were not
overrepresented in the data.

Null space-task space variability at the center target. For movements to
the center target, the final postures adopted at rest were separated into
null-space and the task-space components, i.e., h � hn � ht, where hn �
(I19 � A� A) h and ht � (A� A) h. I19 represents the 19 � 19 identity
matrix and A � represents the Moore-Penrose pseudoinverse of the map-
ping matrix A (Mosier et al., 2005; Liu and Scheidt, 2008). As mentioned
earlier, we chose only the center target for the analysis because the bio-
mechanical constraints were minimized at this target. The center target
corresponded to the mean hand posture during calibration, where all the
joints were close to the middle of their range of motion. The total vari-
ance of these postures was then computed separately in the null space and
the task space. Since the two spaces have different dimensions, the vari-
ances were normalized by the number of degrees of freedom in the task
space and the null space (Scholz and Schöner, 1999).

Separability of postures at the center target. To determine whether pos-
tures at the center target (in either the null space or the task space) were
separable by the starting target, we used linear discriminant analysis. The
postures in the null space and task space were computed by directly
projecting the hand posture on to the 17-D null space or the 2-D task
space (unlike the calculation for the variance, the null space and task
space could not be embedded in the 19-D space since the linear discrim-
inant analysis requires a full rank covariance matrix). We used half of the
dataset to train the classifier and then cross-validated the classification by
testing the classifier’s ability to predict the starting target for the remain-
ing half of the postures. Confidence in this procedure was estimated
using a bootstrapping procedure (i.e., by repeating 50 times and ran-
domly selecting 50% the postures for the training dataset each time). The
mean classification accuracy of these 50 iterations was used as the index
of separability between the 3 clusters representing postures at the center
target that originated from the three outer targets). A mean classification
accuracy of 100% indicates completely separable postures whereas 33%
indicates no separation (chance level).

Transport efficiency. If the separability metric showed that there
were redundant solutions, we also examined whether the null space
was being “effectively used” using a transport efficiency metric. To
determine the transport efficiency (i.e., how much was the
movement-related effort in moving to the center target), we used a
surrogate analysis and computed the movement cost for the solutions
that were actually used and compared it to movement costs for other
possible solutions that could have potentially been used (similar to
the randomization method used by Müller and Sternad, 2003). In
other words, if the mean posture used for the outer targets is repre-
sented by Ti and the corresponding posture at the center target was Ci,
we compared the actual movement cost (i.e., from Ti to Ci) to the cost
of alternative possible solutions that could have been used (i.e., from
Ti to Cj where i 	 j) (see Fig. 4 A). Although some studies have used
formal definitions of movement cost (such as mechanical work—
Soechting et al., 1995), given the significant complexity in the hand
due to the high number of degrees of freedom and the shared muscu-
lature, we chose to use a simpler metric to quantify the movement cost
by using the Euclidean distance between two hand postures.

For each set of postures adopted (i.e., at the three outer targets and at
the center target from each of these targets), a 3 � 3 Euclidean distance
matrix was constructed—where each element dij � ��ti 
 cj��, where ti

represents the mean posture at the ith outer-target and cj represents the
actual mean center-target posture adopted when the movement started
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from the jth outer target. Once this distance matrix was determined, we
computed the transport efficiency (TE) as

TE � �1 �
�

i

di,i� 3

�
i	j

di, j� 6
� � 100.

We bootstrapped this analysis 50 times by randomly selecting only half of
the postures each time to estimate the mean and SD of the transport
efficiency for each subject.

Statistical analysis
Statistical analyses on all dependent variables were performed using a
Practice block (4) � Group (3) mixed-model ANOVA with practice
block (1– 4) as the within-subject factor and group (Precise, Intermittent,
Blur) as the between-subject factor. When appropriate, corrections for
sphericity were performed using the Greenhouse-Geisser correction.
Post hoc comparisons for the practice block factor was done between the
first and last block whereas for the group factor, the comparisons were
done only between Precise and the other two groups using a Bonferroni
correction. In the case of the transport efficiency where we were inter-
ested in the individual-subject data, we ran a one tailed t test to examine
whether the transport efficiency was significantly �0 for each subject.
We also tested whether the mean transport efficiency of each group was

significantly greater than zero. The significance
level of all tests was set at 0.05. For the between-
group comparisons, we only compared the
Precise group with the Intermittent and the
Blur groups.

Results
Baseline
To verify whether there were any differ-
ences between the groups at baseline, we
compared the average time required to
reach a target during the initial familiar-
ization phase when all participants had
precise visual feedback. The results
showed that the differences between
groups were not significant at baseline
(F(2,15) � 0.18, p � 0.83). The mean
(�SD) movement times in the Precise,
Intermittent and Blur groups were 9.7 �
4.0 s, 10.9 � 6.3 s and 9.2 � 4.2 s
respectively.

Euclidean error
Sample cursor trajectories (only for tri-
als with visual feedback) for one subject
in the precise group at different stages of
learning are shown (Fig. 2A). The anal-
ysis of the Euclidean error showed that
participants learned to reduce their er-
ror with each practice block (F(1.8,27.4) �
62.77, p � 0.01), almost approaching a
plateau by the last practice block (Fig.
2 B). Post hoc comparisons showed that
the error in the last block of practice was
significantly lower than the first block
( p � 0.05). In addition, there was
also a significant main effect of group,
F(2,15) � 5.79, p � 0.014. Post hoc com-
parisons showed that the error was
lower in the precise group compared
with both the blur and intermittent

groups ( p � 0.05).

Blind trials
The analysis for the blind trials was performed separately for the
three blocks that were toward the training targets, and the fourth
block that had the generalization (untrained) targets (Fig. 2C).
For the blind trials toward the training targets, there was a reduc-
tion in error for the blind trials with practice (F(1.4,20.4) � 22.65,
p � 0.01), but no significant differences between groups. Post hoc
comparisons showed that the error in the last block of practice
was significantly lower than the first block (p � 0.05). The errors
for the generalization targets tended to be lower than the initial
blind trials at the trained targets (Fig. 2B) although this was not
statistically significant (F(1,15) � 2.79, p � 0.11). There were no
significant differences between the groups. These blind trials were
not considered for further analysis.

Aspect ratio
Participants produced straighter paths of the cursor with practice
(F(1.9,27.9) � 47.37, p � 0.01), again approaching a plateau by the
late phase of Day 2 (Fig. 2D). Post hoc comparisons showed that

Figure 2. A, Sample data of cursor paths for trials with visual feedback for a single subject in the precise group at three different
stages of practice: beginning (trials 1– 60), intermediate (trials 181–240) and at the end (trials 901–960). B, C, Euclidean error
computed at 2 s into the movement during the training trials with visual feedback (B) and in blind trials (C). For the blind trials, the
first three blocks (two on Day 1 and the first on Day 2) involved the 3 training targets whereas the fourth block was a test of
generalization to 3 untrained targets. D, Movement straightness during practice for trials with visual feedback as quantified by the
aspect ratio. E, Variance accounted for (VAF) by the first 2 PCs during each practice block. Error bars represent 1 SE
(between-participant).
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the aspect ratio in the last block was sig-
nificantly lower than the first block (p �
0.05). There were no significant differ-
ences between the groups.

Variance accounted for by 2 PCs
The percentage of variance accounted for
by the first 2 PCs increased with practice
(F(3,45) � 48.53, p � 0.01), indicating that
the hand postures used were closer to ly-
ing on a 2-D plane (Fig. 2E). Post hoc com-
parisons showed that the percentage of
variance was significantly higher on the
last block of practice compared with the
first block (p � 0.05). No significant effect
of group was found.

Variance in null-space and task-space at
the center target
There was a significant reduction of both
null space and task space variance with
practice. For the null-space variance,
there was a significant main effect of prac-
tice block (F(3,45) � 22.95, p � 0.01). Post
hoc comparisons showed that the variance
in the null space was smaller on the last
block of practice compared with the first
block (p � 0.05). The main effect of group
was not significant (Fig. 3A).

For the task-space variance, there was a
significant main effect of practice block
(F(1.8,26.5) � 37.58, p � 0.01) and also a
practice block � group interaction
(F(3.53,26.5) � 2.89, p � 0.046). Analysis of
this interaction showed that although all
groups decreased their task space variance
significantly with practice, the Intermit-
tent group continued to decrease its vari-
ance significantly even on Day 2 (i.e., from
blocks 3 and 4) (p � 0.05), whereas the
other two groups did not show a signifi-
cant decrease on Day 2 (Fig. 3B).

Separability of postures at the center target
The separability of postures in the null space increased with practice
whereas the separability of postures in the task space showed no
change. In the null space, the analysis showed a significant main
effect of practice block (F(3,45) � 21.96, p � 0.01) and post hoc
comparisons showed that the separability between postures in
the null space was higher on the last block of practice com-
pared with the first block ( p � 0.05). The main effect of group
was not significant (Fig. 3C). However, when considering the
separability in the task space, the analysis showed no signifi-
cant main effects or interactions (Fig. 3D).

Transport efficiency
When we compared the group differences in the early phase of
Day 1, none of the groups showed a transport efficiency that
was significantly greater than zero. However, when we com-
pared the groups at the late phase on Day 2, only the precise
group showed a transport efficiency that was significantly �0
( p � 0.05) (Fig. 4B). Analyses on individual participants

showed that all 6 subjects in the precise group showed trans-
port efficiency significantly greater than zero ( p � 0.05).

Control experiment to check for glove hysteresis
To rule out the possibility that the separability in postures was
simply due to some form of hysteresis in the Cyberglove, we
ran a control condition with a single subject. A custom-made
plaster cast (which covered only the palm and not the dorsal
part of the hand) was made with the subject’s hand in a fixed
posture with the MCP joints in slight flexion (similar to the
posture of grasping a computer mouse). After the calibration
phase to calculate the A matrix, the offset p0 was adjusted so
that resting the hand inside the cast would result in the cursor
landing in the center target. This was done to effectively mimic
the strategy of using the same hand posture to get to the center
target. Four blocks of 60 trials were repeated with the only one
difference: whenever the center target was presented, the par-
ticipant simply placed his hand in the cast. When we classified
the postures at the center target as a function of the starting
posture, we found that the mean (�SD) classification accu-
racy was 38 � 8% in the null space and 38 � 6% in the task

Figure 3. A, B, Variance of the postures at the center target in the null space (A) and task space (B) as a function of
practice (normalized per d) for the three groups. The variance decreased in both the task space and the null space for all
groups with practice. Note that the scales on the vertical axes are not equal. C, D, Classification accuracy for the different
groups in null space (C) and task space (D) as a function of practice. The classification accuracy was computed using a linear
discriminant analysis and cross-validated by training on half the dataset and using it to predict the other half. This was
repeated 50 times for each subject and the mean classification accuracy was computed. Note that the classification accuracy
in the null space increases with learning, whereas the classification accuracy in the task space does not change with
learning. Error bars represent 1 SE (between-participant).
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space. The low classification accuracy in these results show
that the higher separability in the null-space observed in the
participants during the experiment was not attributable to
hysteresis in the glove.

Discussion
The aim of the experiment was to examine the role of redundancy
when learning a novel task. Unlike tasks such as reaching where the
motor system already has extensive experience with the redundancy
in the motor system, here participants were completely naive to how
the hand posture was mapped to the cursor position and had to
discover this relation through practice. While previous studies using
this protocol have examined overall changes in the null space and
task space variability with learning, here we addressed the issue of
whether examining the structure of this variability could yield more
insight into how redundancy is used during learning.

The results of the experiment revealed two important findings:
First, participants used distinct hand postures to get to the center
target that systematically depended on the starting posture. The sep-

arability between these hand postures at the
center target increased with learning, indi-
cating that participants were exploiting the
redundancy in the task. Second, in the pres-
ence of precise visual feedback, there was
clear evidence that the strategy of using dis-
tincthandpostures fromdifferent startingtar-
gets minimized movement-related costs. This
suggested that participants were not learning a
posturemap(i.e., associatingacursorposition
to a hand posture), but a transport map (i.e.,
associating changes in cursor position to
changes in hand posture).

Our finding that the strategy chosen
was a transport map closely parallels the
results from reaching studies (Soechting
et al., 1995; Fischer et al., 1997; Vetter et
al., 2002). However, unlike earlier stud-
ies that focused on well practiced tasks
(where the nervous system likely has ad-
equate knowledge of the redundancy in
the body), the current results clearly
show how this transport map is formed
even in cases where such knowledge of
the redundancy can only be acquired
with practice. Initially, when the partic-
ipants learned the map, they showed high
variability in the postures they select to
achieve the center target. With more prac-
tice, the variability of postures was re-
duced but the separability increased,
indicating that learning did not cause con-
vergence into a single posture. Critically,
this separation between postures was only
observed in the null space and not in the
task space. In other words, using the cur-
sor position at the center target alone was
not sufficient to predict the starting target
of the movement whereas the projection
of the hand posture in the null space was
able to discriminate the starting target
with high accuracy. Further, the fact that
the separability increased for all groups
with practice indicated that this use of re-
dundancy was not dependent upon visual

feedback of the entire trajectory. These results are consistent with
the predictions of the posture model from Rosenbaum et al.
(1995) with the exception of the fact that although practice re-
sulted in a reduction in variability of the postures, it did not result
in a decreased influence of the start posture on the final posture.

In addition to finding that there was a use of the null space (i.e.,
using redundant solutions), the transport efficiency metric further
revealed that the separation in null space was a strategy to reduce
changes in hand posture, supporting the idea that the motor system
effectively uses redundancy to minimize movement-related costs.
Here, we found that the precision of visual feedback had a critical
role in determining the optimality of the chosen postures. In partic-
ular, degrading the precision of visual feedback of the cursor when it
was in motion either spatially (Blur) or temporally (Intermittent)
not only resulted in slower rates of learning as seen in the Euclid-
ean error and longer movement times (Stevenson et al., 2009),
but also resulted in the choice of sub-optimal postures. Even
though the separability was high in all groups, only the precise

Figure 4. Schematic to illustrate how transport efficiency can be different when postures at the center are separable. The three
postures at the outer targets are denoted by T1, T2, and T3 and when the movement is initiated from these targets, the correspond-
ing postures at the center target are C1, C2, and C3. The transport efficiency effectively compares the actual movement costs used by
the subject (represented by the length of the solid lines originating from the actual starting targets— e.g., T1-C1, T2-C2 etc.) to
other possible movement costs (represented by the average length of the dotted lines originating from the other targets— e.g.,
T2-C1, T3-C1 etc.). In the case of high transport efficiency (A, Left), the solid lines are shorter than the average of the dotted lines,
indicating that the actual costs observed were smaller than the costs for other alternative solutions. However in the case of low
transport efficiency (A, Right), the length of the solid lines are approximately equal to the average of the dotted lines, indicating
that the actual cost was not much lower than other alternative solutions. It is important to note that even though C1, C2, C3 are
shown separated, they all represent postures at a single target location (i.e., the separation is only in the null space and not in the
task space). B, Transport efficiency for the different groups as a function of practice. Only the precise group showed transport
efficiency significantly �0. Error bars represent 1 SE (between-participant).
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feedback group showed transport efficiency that was significantly
greater than zero. Therefore, even though the visual feedback was
only restricted to the task space, which allowed participants to
minimize the Euclidean error from the center of the target, the
visual information also provided them with a better estimate of
which motions contribute to task space and null space motion.
This allowed participants to minimize wasteful motions in the
null space. We conclude that the ability to effectively use redun-
dancy is critically mediated by feedback (Todorov and Jordan,
2002; Ranganathan and Newell, 2008, 2009). Furthermore, this
finding also supports the idea that precise visual information of
the entire trajectory of the cursor contributes to the learning of
the map rather than simply the final position (Liu and Scheidt,
2008).

Finally, the results are also relevant to a recent debate over the
role of the null space variability in motor learning. One hypoth-
esis is that null space variability need not be decreased with learn-
ing because it is either irrelevant to task performance (Todorov
and Jordan, 2002) or that it is actually “good variance” because it
reflects the ability of the system to use multiple solutions (Latash
et al., 2002). However, on the other hand, other studies have
shown that there is a systematic decrease in null space variability
with learning and hypothesize that this may be important for
forming an inverse map that uniquely maps the lower dimen-
sional task space to the higher dimensional body space (e.g., joint
angles, forces; Mosier et al., 2005; Liu and Scheidt, 2008; Casadio
et al., 2010; Liu et al., 2011). The current results show that both
hypotheses are not mutually exclusive. There was clearly evidence
of formation of an inverse map: with learning, postures occupied
a largely 2-D plane (with 2 PCs accounting for �80% of the
variance). Although some of this variance could be attributed to
the influence of peripheral and central constraints on the hand
(Schieber and Santello, 2004), the reduction in null space vari-
ability at a single target location (which could have theoretically
been achieved using the same posture) shows that there was in-
deed an active reduction in null space variability. This suggests
that participants were forming a stable inverse map by eliminat-
ing most of the null space variability. However, despite this re-
duction, participants were also able to use the remaining null
space to minimize movement-related costs (i.e., minimizing
changes in hand posture), showing that residual null space variability is
not simply noise but rather, it retains structure that reflects control op-
timizations entirely orthogonal to the kinematic goals of the task. A
similar approach to reconcile these seemingly contradictory notions of
optimality and redundancy has also been recently described in force
control tasks (Park et al., 2010).

In summary, we found that even in a novel task where there is
no prior knowledge of how the degrees of freedom map to the
task space, the nervous system learns to exploit redundancy to
minimize movement-related costs, similar to arm movements
(Soechting et al., 1995). However, feedback plays an important
role since the movement costs are minimized only in the presence
of precise visual feedback. Future experiments are needed to ad-
dress whether extended learning at the task could result in effi-
cient movements without reliance on visual feedback.
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