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Abstract The neuronal population vector (NPV) for
movement direction is the sum of weighted neuronal
directional contributions. Based on theoretical considerations, we proposed recently that the sharpness of tuning will impact the directional precision, accuracy, and
length of the NPV, such that sharper tuning will yield
NPV with higher precision, higher accuracy, and shorter
length (Mahan and Georgopoulos in Front Neural Circuits 7:92, 2013). Furthermore, we proposed that controlling the inhibitory drive in a local network could be the
mechanism by which the sharpness of directional tuning
would be varied, resulting in a continuous specification
and control of movement’s directional precision, accuracy, and speed (Mahan and Georgopoulos in Front Neural
Circuits 7:92, 2013, Fig. 5). As a first step in testing this
idea, here we analyzed data from 899 cells recorded in the
motor cortex during performance of a center → out task.
There were two major findings. First, directional selectivity varied with cell activity, such that it was higher in cells
with lower mean discharge rates. And second, NPVs calculated from subsets of cells with higher directional selectivity (and, correspondingly, lower mean discharge rates)
were more accurate (i.e., closer to the movement), precise
(i.e., less variable), and shorter (i.e., slower; Schwartz
in Science 265:540–542, 1994). These findings confirm
our predictions above made from modeling (Mahan and
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Georgopoulos in Front Neural Circuits 7:92, 2013) and
provide a simple mechanism by which desired attributes
of the directional motor command can be implemented.
We hypothesize that the inhibitory drive in a local network
is controlled directly and independently of recurrent collaterals or common excitatory inputs to other cells. This
could be achieved by a private excitation/inhibition of key
inhibitory interneurons in a way similar to that in operation for Renshaw cells in the spinal cord. The presence
of such a private line of inhibitory control remains to be
investigated.
Keywords Directional tuning · Neuronal population
vector · Cortical inhibition

Introduction
Directional tuning is ubiquitous in the brain (Mahan and
Georgopoulos 2013) and is present for 2-D (Georgopoulos
et al. 1982) and 3-D arm movements (Schwartz et al. 1988).
In 1983, the neuronal population vector (NPV) code was
proposed for 2-D movements (Georgopoulos et al. 1983), a
code that worked well for 3-D movements (Georgopoulos
et al. 1986, 1988). The NPV is the vector sum of weighted
directional contributions of individual cells in a population.
Specifically, the preferred directions of cells are weighted
by a measure related to cell activity (see Appendix in Georgopoulos et al. 1988): The weight can be the raw discharge
rate, the raw discharge rate adjusted with respect to the
average firing rate, or the predicted discharge rate estimated
from the tuning function. In all the published studies, the
NPV has been calculated from ensembles of directionally
tuned cells, irrespective of their tuning characteristics. In a
recent paper (Mahan and Georgopoulos 2013), we showed
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by modeling that the sharpness of directional tuning can
impact the directional accuracy of the NPV. Here, we confirm this prediction directly by the results of analysis of
neurophysiological recordings from the motor cortex of
monkeys performing a center-out task.

Materials and methods
Neurophysiological data
Previously recorded data (from 1980 to 1987) were used for
these analyses. Eight monkeys performed the 2-D centerout task described in detail in Georgopoulos et al. (1982).
Valid data from 899 cells recorded in the motor cortex were
available for analysis. For each correct trial, the direction of
movement, its amplitude (Euclidean distance from beginning to end), and the spike discharge rate (from the onset of
the target to the end of the movement) were used to calculate directional statistics (Mardia 1972) for the directions of
the movements performed, to analyze directional tuning of
cell activity and to calculate the NPV.

1/2

R̄ = X̄ 2 + Ȳ 2

(8)


1/2
s0 = −2 ln R̄

(9)

where θ is the direction of the movement, N is the number of movements (trials) that the monkey did for the cell
analyzed, fθ is the discharge rate of the cell for movement
θ (from the onset of the target stimulus to the end of movement), x̄0 is the mean direction (i.e., preferred direction) of
the cell, R is the resultant, R̄ is the mean resultant, and s0
is the circular standard deviation (in radians, converted to
degrees). Expressed as an x–y vector, the preferred direc . Since the measurements above describe basically
tion is C
a tuning curve in the unit circle, we took as a measure of
tuning width one-half of the circular standard deviation:

s0′ =

s0
2

(10)

The measure s0′ corresponds roughly to the half-width
(at mid-height) of the tuning curve.
Estimation using regression analysis

Directional tuning
Estimation using directional statistics
The preferred direction of a cell (“mean direction”) was
determined as follows (Mardia 1972, p. 25).
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In this analysis, we evaluated directional tuning by fitting
a model from the von Mises distribution (Mardia 1972),
appropriate for circular data, in order to obtain an estimate
of goodness of fit and a statistical significance level. The
model was as follows:

i=1

where d is the discharge rate, a and κ are constants, θ is
the direction of the movement, and θ0 is the cell’s preferred
direction. By taking the logs and adding the constant 1/2
to d to avoid occasional division by zero and stabilize the
variance (Cox and Lewis 1966), we have:


1
′
= ln(a) + κ cos(θ − θ0 )
d = ln d +
(12)
2
Equation 12 is equivalent to

d ′ = ln(a) + b1 sin(θ) + b2 cos(θ)
X
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Q
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Ȳ =

 
−1 Y
x0 = tan
X

1/2
R = X2 + Y 2

13

(6)

(7)

(11)

The preferred direction is given by
 
b1
θ̂0 = tan−1
b2

(13)

(14)

and


1/2
κ̂ = b12 + b22

(15)

The half-width (at mid-height) H of the tuning curve is
a power function of κ̂, as shown in Fig. 2 in Mahan and
Georgopoulos (2013). In the present study, it was estimated
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empirically by fitting the tuning function (Eq. 13) and calculating its half-width (at mid-height) by an iterative procedure at 1° resolution.
The tuning function analysis above provided a probability value (P < 0.05) by which to assess the statistical significance of the tuning model and the percent of variance
explained, R2. Of the total 899 cells, 754 were directionally
tuned and were used to calculate NPV (see below).
Movement data
For each set of movements for which an NPV was calculated (see below), we also computed summary statistics for
the movement set. Specifically, we computed (1) the average
amplitude of the movement, m̄, (2) its mean direction θm and
circular standard deviation m0 (using directional statistics),
and (3) the length of the arc E subtended by m0 at length m̄.
Then, we calculated the index of difficulty, Id (Fitts 1954)
according to the revised formula (MacKenzie 1992):


m̄
Id = log2 1 +
(16)
E
NPV calculation
NPVs were calculated using weighted vectorial contributions from the 754 directional tuned cells above. Of those
cells, 712 (in 6 monkeys) were studied using eight targets
in radial directions from the center, every 45°, starting at
3 o’clock. For the remaining 42 cells (in 2 monkeys), 20
targets were placed equidistantly on the circle (every 18°)
with a random start location. Those targets were distributed randomly around the fixed eight targets directions
above. Let Θj be the center of those eight fixed directions
(j = 0, 45, 90, 135, 180, 225, 270, 315◦ ), starting from 3
o’clock (0°) counterclockwise. We computed NPVs and
associated statistics for movement sets with movement
directions lying within the sector Sj = Θj ± 22.5° and for
different binned conditions (cell directional spread, overall
cell activity, and resting activity—see below).
 (in x–y coordinates in the unit circle), for a
The NPV, P
particular movement sector Sj was calculated by summing
weighted contributions along the cells’ preferred directions:

� j) =
P(S

M


�i
wiθ C

(17)

i=1

where wiθ is the observed discharge rate of the ith cell for
 i is the cell’s preferred
movement θ lying within sector Sj, C
direction (in x–y coordinates in the unit circle), and M is the
number of trials (movements) in Sj. To simplify notation,
 to mean P(S

we use P
 j ) and omit the range (1 to M) in the
summing operator .

The following quantities were calculated as intermediate steps. Let θ0i be the preferred direction of the ith cell in
 i in x–y coordinates).
polar coordinates (corresponding to C
Then
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where θ is the direction of the movement, M is the number of
trials that contributed to the NPV calculation, wiθ is the discharge rate of the ith cell for movement θ, θ0i is the preferred
direction of the ith cell, π0 is the direction of the population
vector, RP is the resultant, R̄P� is the mean resultant, σ0 is the
circular standard deviation (in radians) of the population vec� is the average length of the NPV. As a measure
tor, and |P|
of directional precision of the population vector (“variable
error”), we took one-half of the circular standard deviation:

σ0′ =

σ0
.
2

(28)

Finally, as a measure of directional accuracy of the
population vector with respect to the movement sector for
which it was computed (“constant error”), we took the
angle ϕ. (in radians, then transformed to degrees) between
π0 and θm:

ϕ(Sj ) = cos−1 (sin π0 sin θm̄ + cos π0 cos θm̄ ).

(29)
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Other statistical analyses
Standard statistical methods were to perform common
analyses, including analysis of variance (ANOVA), linear
regression, etc. (Snedecor and Cochran 1989). The circular
correlation between preferred directions was calculated as
described by Fisher and Lee (1983). The SPSS-IBM statistical package (version 21) and Intel Fortran were used to
implement the various statistical analyses.

Results
Of the 899 cells total, 754 (83.9 %) showed a statistically
significant regression model (Eq. 11; P < 0.05). The distributions of the significance probability values and the fraction of variance explained (R2) in this group of directionally tuned cells are shown in Figs. 1 and 2, respectively.
Directional spread

Fig. 2  Frequency distribution of R2 (fraction of variance explained)
from fitting the regression model of Eq. 13 (N = 754 tuned cells)

A key measure of the present analyses is the directional
spread (s0′ ). Its distribution for the 754 tuned cells is shown
in Fig. 3; the distribution did not differ significantly from
a normal distribution (Fig. 4; one-sample Kolmogorov–
Smirnov test, Z = 0.74, P = 0.64). As expected, the directional spread s0′ of the tuning curve calculated directly was
highly correlated with H, the half-width (at mid-height) of
the tuning curve estimated indirectly from the regression
model of Eq. 11 (Spearman correlation = 0.918, N = 754,
P < 0.001). Since s0′ is a more direct measure, we used
s0′ in the subsequent analyses. In addition, the preferred

Fig. 3  Frequency distribution of s0′ (Eq. 10). (see text for details)

directions calculated using the tuning curve (θ̂0 ) were
highly correlated with those calculated using directional
statistics (x0) (circular correlation coefficient = 0.951,
P < 0.001).
Directional spread and NPV

Fig. 1  Frequency distribution of probability values from fitting the
regression model of Eq. 13 (N = 754 directionally tuned cells)

13

To test the hypothesis that NPV properties vary with
the directional spread of constituent cells in the population, we binned s0′ every 10° for the following 7 bins
total: ≤20° (15 cells, 161 trials, 11 trials per cell per target movement direction), 21–30° (82, 788, 10), 31–40°
(168, 1,420, 8), 41–50° (215, 2,136, 10), 51–60 (187,
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Fig. 4  Probability–probability plot of s0′ (normal distribution)

2,141, 11), 61–70° (71, 771, 11), and >70° (16, 181,
11). The distributions of preferred directions in each bin
(Fig. 5) did not differ significantly from a uniform distribution (Rayleigh test, Mardia 1972; P > 0.05 for each
bin). We then calculated the NPV for each bin and target
direction. Figure 6 shows that the NPV variable error, σ0′
increased with tuning directional spread. For the whole
data set, a quadratic fit was the best fit (Fig. 7; P < 0.001,

2395

r2 = 0.721). This relation could be influenced by the
number of cells and/or trials entering the calculations,
which varied substantially across the 7 bins of s0′ (see
above). In order to control for that factor, we calculated
the population vector variable error from 100 random
bootstrap samples (with replacement) of equal number of
cells (N = 15) and an upper limit of trials (N ≤ 130). The
results are shown in Fig. 8. It can be seen that essentially
the same relation was observed as in the actual, whole
sample (Fig. 6).
Similarly, the NPV constant error, ϕ, increased with
directional tuning spread (Figs. 9, 10); for the whole data
set, an exponential fit was the best (Fig. 10; P < 0.001,
r2 = 0.432). In addition, the NPV constant directional error
increased as an exponential function of the NPV variable
error (Fig. 11; P < 0.001, r2 = 0.444). Finally, the average length of the NPV also increased with tuning directional spread (Fig. 12) in an exponential fashion (Fig. 13;
P < 0.001; r2 = 0.420).
Cell activity, directional tuning, and NPV
The results above document the dependence of NPV on
directional tuning spread. If, as we hypothesized (Mahan
and Georgopoulos 2013), the directional tuning spread
depends, in turn, on the strength of the inhibitory drive, one
would expect that there should be an association between
the overall cell activity and the sharpness of directional tuning. Indeed, we found a highly significant positive correlation between the sharpness of directional tuning and the

Fig. 5  Frequency distributions of preferred directions of
directionally tuned cells with
different (binned) s0′ (see text
for details)
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Fig. 6  The mean ± SEM of the NPV variable error, σ0′, is plotted
against s0′ (N = 8 direction sectors S, per point; see text for details)

Fig. 7  Scatter plot of σ0′ against s0′ . Each point refers to the 8 direction sectors S (see text for details)

mean firing rate (Fig. 14; P < 0.001; r2 = 0.238; N = 899
cells). The regression equation was a semi-logarithmic fit:

s0′ = 35.06 + 6.097 ln D̄.

(30)

where D̄ is the overall mean discharge rate of the cell
(across all movements). Equation 30 indicates that directional spread increases as a linear function of the logarithm of mean discharge rate. Since deviations from the
mean discharge rate vary with tuning parameters (Eq. 12),
we performed a separate regression analysis by adding the
intercept and coefficient κ as additional independent variables. In this analysis, ln D̄ was again statistically significant (P < 0.001) with a positive coefficient; these results

13

Fig. 8  Results of bootstrap analysis. The mean ± SEM of the NPV
variable error calculated from up to 130 trials from 15 cells (with
replacement) per s0′ bin is plotted against s0′ (N = 100 bootstraps per
bin; see text for details)

Fig. 9  The mean ± SEM of the NPV constant error, ϕ, is plotted
against s0′ (N = 8 direction sectors S; see text for details)

document the independent and robust effect of the mean
discharge rate on s0′ .
Next, we investigated the relation between the accuracy (i.e., constant error, ϕ) of the NPV (calculated from
all 899 cells) and mean cell discharge rate. For that purpose, we binned ln D̄ in 6 equal intervals and calculated
the NPV from cells whose mean discharge rate fell within
each interval. The fitted curve was quadratic (Fig. 15;
P < 0.001, r2 = 0.454, N = 6 intervals × 8 movement
directions = 48). It can be seen in Fig. 15 that NPV accuracy was smallest for cells with discharge rate roughly
from ~1 to ~8 imp/s (Fig. 15, dotted rectangle), whereas
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Fig. 10  Scatter plot of ϕ against s0′ . Each point refers to the 8 direction sectors S (See text for details)

Fig. 11  Scatter plot of ϕ against π0′ . Each point refers to the 8 direction sectors S (see text for details)

NPV accuracy decreased for lower and higher rates. NPV
precision (variable error, σ0′) was significantly and positively correlated with NPV accuracy (r = 0.569, P < 0.001,
N = 48).
In all analyses above, the NPV was calculated using
Eqs. 18–20, where the weight wiθ for vectorial cell contributions was the discharge rate of the ith cell for movement θ. Now, in previous studies, NPV has been calculated using weights obtained by subtracting the overall
mean cell activity D̄ from the cell activity Dθ observed
for a specific movement in direction θ (Georgopoulos
et al. 1983), or by further dividing that difference by the
overall mean D̄:

2397

Fig. 12  The mean ± SEM of the NPV length is plotted against s0′
(N = 8 direction sectors S; see text for details)

Fig. 13  Scatter plot of NPV length is plotted against s0′ . Each point
refers to the 8 direction sectors S (see text for details)

′
wiθ

=




Dθ − D̄
.
D̄

(31)

In fact, this weighting gave the most accurate NPV results
(Georgopoulos et al. 1988, Table 2, weight #6 in Appendix
2). Indeed, using the weight of Eq. 31 improved the NPV
accuracy very much in the present study, such that very accurate NPVs were obtained for a range of mean cell activity
from ~1 to ~33 imp/s (Fig. 16, dotted rectangle). The question is why such improvement? The answer seems to be that
the weight of Eq. 31 greatly reduced the directional spread in
the directional tuning function, thus resulting in greater NPV
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s0′

Fig. 14  Scatter plot of against the mean discharge rate across all
movements (N = 899 cells) (see text for details)

Fig. 15  The NPV constant error, ϕ, is plotted against binned mean
discharge rate in a log scale, when the NPV was calculated using the
weight of Eq. 17 (inset on left top). The dotted rectangle demarcates
cell rates resulting in highest NPV accuracy (i.e., minimum constant
error). Each point refers to the 8 direction sectors S

accuracy, according to the considerations above. In fact, the
magnitude of decrease in directional spread was a linear
function of ln D̄ (Fig. 17; P < 0.001; r2 = 0.630; N = 899
cells). The regression equation was as follows:

s0′ − s0′ (normalized) = −2.59 + 7.76 ln D̄.

(32)

Resting cell activity, directional tuning, and NPV
The analyses above dealt with cell discharge during the
reaching task and its relations with directional tuning and

13

Fig. 16  The NPV constant error, ϕ, is plotted against binned mean
discharge rate in a log scale, when the NPV was calculated using the
weight of Eq. 31 (inset on left top). The dotted rectangle demarcates
cell rates resulting in highest NPV accuracy (i.e., minimum constant
error). Each point refers to the 8 direction sectors S. The inset on left
top indicates the scalar weight used in calculating the population vector

Fig. 17  Scatter plot of s0′ −s0′ (normalized) against the mean discharge rate across all movements (N = 899 cells) (see text for details)

NPV attributes. In this section, we report on the relations
between cell discharge during a resting state, preceding
the onset of stimulus (“control period” in Georgopoulos
et al. 1982) and the aforementioned variables. The intensity of cell discharge during the control period reflects the
net quasi steady-state effect of excitatory/inhibitory inputs
on the cell and, hence, can be considered as a stable functional property of the cell, in the absence of phasic inputs.
More specifically, we tested the hypothesis that this activity
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Fig. 18  Frequency histogram of mean resting discharge rates
(N = 849 cells; see text for details)

would be a good predictor of (a) the overall mean activity
during the task, (b) the sharpness of directional tuning, (c)
the NPV variable error, and (d) the NPV constant error. If
these relations were to prove significant, resting cell activity would acquire a special importance for the neural mechanisms involved in planning a reaching movement with
desired directional attributes, since resting activity precedes
movement initiation, and therefore, a movement of desired
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accuracy and precision could be planned by selecting cells
based on their resting-state activity.
Eight hundred and forty-nine cells were available for
this analysis (control period activity was not recorded for
50 cells). The frequency distribution of the mean restingstate discharge rates is shown in Fig. 18; the best fit was
a gamma distribution (Fig. 19). (It should be noted that
during the control period from which the “resting” discharge rate was obtained, the monkeys were holding the
2-D manipulandum against a constant gravitational load,
such that the activation state of the motor system was
very similar across trials and monkeys.) The frequency
distribution of the mean task-related discharge rates is
shown in Fig. 20; the best fit was a lognormal fit (plots not
shown). During the task, 665/849 (78.3 %) cells showed an
increase, whereas 184/849 (21.7 %) showed a decrease in
activity from the resting state, with similar distributions of
the changes (Fig. 21).
The task and resting discharge rates were highly correlated in a log–log scale (Fig. 22; r = 0.733, P < 0.001,
N = 841 cells with resting-state activity greater than
zero). This means that the resting-state activity is a good
predictor of the ensuing task-related activity, including
the associations of the latter with directional tuning and
NPV properties. Indeed, the directional tuning spread s0′
increased with higher resting discharge rates in a log scale
(Fig. 23, r = 0.515, P < 0.001, N = 841 cells with resting-state activity greater than zero). With respect to NPV,

Fig. 19  Cumulative probability–probability plots of mean
resting-state discharge rates for
three different distribution models, as labeled in the plots. The
best fit was a gamma distribution (parameters: shape = 0.818
and scale = 0.103) (N = 841
cells with resting activity
greater than zero, a condition
needed to evaluate the lognormal fit)
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Fig. 20  Frequency histogram of mean task-related discharge rates
(N = 849 cells; see text for details)
Fig. 22  Scatter plot of mean task-related discharge rate against mean
resting-state discharge rate (N = 849 cells)

Fig. 21  Frequency distribution of changes in activity between task
and resting states (N = 849 cells)

its variable error increased with increasing resting rates
(r = 0.696, P < 0.001, N = 48; data not shown). Similarly, the NPV constant error also increased with increasing log-transformed resting rate (Fig. 24) in a quadratic fit
(r 2 = 0.341, P < 0.001, N = 48).
NPV and movement attributes
Finally, we analyzed the relations between NPV and movement attributes. We found the following. First, the variable
error of the NPV, σ0′, was positively and significantly correlated with that of the movement, m0 (Fig. 25; r = 0.418,

13

Fig. 23  Scatter plot of s0′ against the mean resting discharge rate
across all movements (N = 849 cells)

�,
P = 0.003, N = 48). Second, the length of the NPV, |P|
was positively and significantly correlated with movement
amplitude, m̄ (r = 0.619, P < 0.001, N = 48). And third, the
inverse of the NPV length was positively and significantly
correlated with Id (r = 0.792, P < 0.001, N = 48). Since the
length of NPV reflects movement speed (Schwartz 1994),
its inverse can be regarded as an neural estimate of movement time, thus positing a neural counterpart of Fitts’ Law
(Fitts 1954).

Exp Brain Res (2014) 232:2391–2405

Fig. 24  The NPV constant error, ϕ, is plotted against binned mean
resting discharge rate in a log scale, when the NPV was calculated
using the weight of Eq. 17 (inset on left top). Each point refers to the
8 direction sectors S

Fig. 25  The NPV variable error, π0′ , is plotted against the movement
direction variable error mean discharge rate across all movements
(N = 899 cells) (see text for details)

Discussion
In a recent paper (Mahan and Georgopoulos 2013), we proposed, based on theoretical considerations, that the spread
in the cellular directional tuning function could be the
mechanism by which the directional precision and accuracy of the NPV, and of the subsequent movement, could
be controlled. These considerations were inspired by the
known facts concerning the role of Renshaw cells in the
spinal cord in sharpening the excitatory field in motoneuronal pools depending on the goal of the motor output,

2401

namely whether the intended force production is precise
and accurate, or just strong (Hultborn and Pierrot-Deseilligny 1979). It has been shown that the activity of Renshaw
cells is controlled centrally, such that Renshaw cells can
serve as variable gain regulators (Hultborn et al. 1979): An
increase in their activity would result in spatial focusing
of spinal motor excitation, leading to a precise motor output, whereas a decrease in their activity would result in a
wider excitatory drive, leading to an overall strong but less
precise motor output. We hypothesized that a similar role
could be served by inhibitory interneurons in various brain
motor areas involved in the specification of the motor command (Mahan and Georgopoulos 2013). This hypothesis
was based on two ideas, namely (a) that the directional tuning curve is the result of local tangential interactions (Georgopoulos and Stefanis 2007, 2010) and (b) that inhibition
plays a key role in shaping directional tuning (Georgopoulos and Stefanis 2007; Merchant et al. 2008).
Apart from the qualitative role of inhibition in implementing directional tuning, we proposed, more specifically,
that a graded inhibition could serve to control the directional spread of cellular tuning (Mahan and Georgopoulos
2013). Now, for this to have a meaningful effect, it should
affect, somehow, the motor command. Since the NPV is the
neural representation of the motor command, we hypothesized that the directional spread of cellular tuning would
affect attributes of the NPV. Specifically, we proposed the
hypothesis that narrow directional spread (effected, e.g., by
increased inhibition) would result in a precise and accurate
but short NPV, whereas a broad directional spread would
result in less precise and relatively inaccurate but longer
NPV (Mahan and Georgopoulos 2013). We adduced evidence for this hypothesis by modeling the cellular directional tuning and calculating NPVs from populations of
cells with different directional spread. Our modeling results
showed that the directional precision of the NPV decreased
systematically as the tuning directional spread increased
(Mahan and Georgopoulos 2013). In the present study, we
used data from neurophysiological recordings in the motor
cortex of monkeys to test the hypothesis above in a realistic
setting. Indeed, the present findings confirmed the hypothesized dependence of attributes of the NPV (accuracy, precision, and length) on the directional spread of tuning of constituent cells. In addition, we documented the dependence
of directional tuning spread on the overall cell discharge
rate, which ties the strength of inhibitory drive to the sharpness of directional tuning.
Directional tuning
Directional motor tuning was first described for cells in the
motor cortex (Georgopoulos et al. 1982). A cosine function
was a good fit for 2-D (Georgopoulos et al. 1982) and 3-D
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movements (Schwartz et al. 1988). The cosine function has
a fixed half-mid-width, namely at 45°. Although the cosine
fit may capture well the directional tuning, it does not allow
for variation in the tuning width (Amirikian and Georgopoulos 2000). In addition, the independent variable in fitting a directional tuning curve is the direction of movement, which varies as a von Mises distribution in the unit
circle (Mardia 1972), and the directional tuning curve is an
exponential function (see Eq. 11 above). Both the cosine
and von Mises functions are unimodal, with the peak at the
preferred direction. The major difference between the two
functions lies in the fact that the cosine function is a linear function of the cosine of the angle between preferred
direction and movement direction, whereas the von Mises
fit is an exponential function of that quantity. The latter
allows for a continuously varying directional tuning width
(possible range 0–90° half-mid-width), depending on the
value of the concentration parameter κ. (Eq. 11). Ιn fact,
a detailed examination of the directional tuning function
using the von Mises distribution revealed a substantial variation in tuning width, with an median half-width (at midheight) of 28° (Amirikian and Georgopoulos 2000). Based
on these considerations, we used the von Mises fit to identify 754/899 (84 %) cells with statistically significant directional tuning (Eq. 11).
Directional spread, NPV, and movement
Directional spread can be measured in different ways. For
example, the concentration parameter κ. can be estimated
from the tuning function (Eq. 11) but this involves fitting a
function. A more direct way to measure directional spread
is by calculating the length of the mean resultant R̄ from the
distribution of movement directions weighted by the cell’s
discharge rate (Eq. 8) (The parameter κ̂ can be derived from
R̄ using maximum likelihood; see Mardia 1972, p. 298).
Now, R̄ can be transformed to an angle (circular standard
deviation, s0, Eq. 9), and half of that angle (s0′ , Eq. 10) is
similar to the tuning curve half-width (at mid-height).
Hence, we used s0′ in our analysis, as a direct measure of
directional spread. As predicted by our modeling studies (Mahan and Georgopoulos 2013), both NPV accuracy
(constant error; Figs. 8, 9) and precision (variable error;
Figs. 6, 7) increased as directional tuning spread decreased.
Given the above considerations, we investigated the
dependence of NPV accuracy and precision directly on the
mean task-related cell activity (and resting-state activity),
bypassing the intermediate effect on directional spread. We
found an interesting quadratic relation, as shown in Figs. 13
and 24. It can be seen that there is an “optimal” region of
mean cell activity, roughly between 1 and 8 imp/s in task
activity (Fig. 13) (and <0.135 imp/s for resting activity;
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Fig. 24), where the NPV accuracy is at maximum (i.e.,
NPV constant error is at minimum; dotted rectangles in
Fig. 13 and 24). This range widened substantially (Fig. 14)
when a normalized weight, with respect to the overall mean
cell activity, was used (Eq. 31), as is commonly the case for
calculating the NPV in previous studies. Remarkably, this
normalization effected a substantial reduction in directional
spread, proportional to the mean discharge rate (Fig. 15),
which could account for enhanced accuracy of NPV.
Finally, the calculation of NPV for different combinations of movement directions and cell activity provided
adequate variation to assess the relations between attributes
of movement and NPV. We found that directional precision
and length of NPV were significantly associated with the
directional precision of movement (in a set of movements)
and average movement amplitude, respectively. In addition,
an estimate of neural movement time (calculated as the
inverse of NPV length) followed Fitts’ Law, being significantly associated with the index of movement difficulty Id
(Eq. 16).
The role of inhibition
These findings bring back the focus on the possible role
of inhibition in shaping the motor command. This was the
central idea by which we interpreted the results of our modeling studies (Mahan and Georgopoulos 2013), namely that
an independent control of the inhibitory drive in a local circuit would modulate the directional spread and thus control
the accuracy and precision of the NPV. However, the mechanisms for implementing this idea would be fairly complicated because, somehow, a scalar (such as the amount of
inhibitory drive) would have to be translated into a continuous variation/reshaping of the tuning curve. Now, here
we discovered a simple link that could mediate the above
mechanism via a hard-wired local wiring scheme. Specifically, we found that directional spread was a linear function
of the logarithm of the mean cell discharge rate (Fig. 12);
there is no a priori reason why such a relation should hold.
This relation means that a nonspecific, general-purpose
excitatory–inhibitory balance is translated into a fairly
sophisticated tuning function with varying directional
spread. It is reasonable to assume that the shape of the
tuning curve is determined by hardwired local connectivity and that inhibition plays a prominent role in determining the net neuronal activity. Inputs to cortical inhibitory
interneurons have typically included that from recurrent
pyramidal cell collaterals and external inputs (e.g., from the
thalamus) which impinge on various kinds of cells in the
column. We postulate the presence of a dedicated, specific,
and private input to inhibitory interneurons; to our knowledge, this issue remains to be investigated.
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Relation to orientation tuning in the visual cortex (V1)
The analysis above dealt exclusively with reaching movements and motor cortical cells. However, the role of inhibition in shaping tuning in the visual cortex has been actively
investigated since the early observations on intracortical
inhibition by Benevento et al. (1972). Although this subject has been hotly contested over the years (see Ferster and
Miller 2000 for a review), there is currently general agreement that inhibition plays a major role in sharpening the
orientation selectivity of V1 cells, as evidenced by theoretical studies (Troyer et al. 1998; Kang et al. 2003) as well as
neurophysiological and pharmacological studies in various
animal species (Sillito 1975, 1979; Li et al. 2008, 2012a,
b; see Shapley et al. 2003 for a review). More specifically,
general, nonspecific, “untuned” inhibition is thought to be
the local cortical network mechanism by which weak excitation around a focused excitatory drive at the preferred
orientation is eliminated, thus resulting in a sharpened orientation selective tuning curve in primate V1 (Xing et al.
2011). This hypothesis has been thoroughly investigated,
and the results quantitatively documented (Shapley et al.
2003; Xing et al. 2011). In a way, this idea is very similar to the role of Renshaw inhibition in the spinal cord in
sharpening the locus of motoneuron excitation by eliminating weak excitatory fringe (Hultborn et al. 1979) and the
effect of recurrent inhibition in the motor cortex in spatial
sharpening of the focus of excitation (Stefanis and Jasper
1964; Stefanis 1969; Georgopoulos and Stefanis 2007,
2010).
The population vector, motor and visual, as the means
for implementing desired behavioral performance
Altogether, the results of this study and their interpretation
above are in the same vein as those by Shapley and colleagues for V1 (Shapley et al. 2003; Xing et al. 2011) and,
combined, underscore the statement that “Finding more
about the mechanisms of increased cortical selectivity is
important for understanding how the cortex works” (Xing
et al. 2011, abstract). Now, the new idea that we proposed
in a previous paper (Mahan and Georgopoulos 2013) is that
the magnitude of this inhibitory drive can be modulated
independently of local cortical circuit interactions for the
explicit purpose of achieving a behavioral goal, namely to
generate a movement of specified directional precision and
accuracy (see Fig. 5 in Mahan and Georgopoulos 2013).
The results of the present study cemented the connection
between sharpness of cell directional tuning and directional
precision and accuracy of the population vector (higher
sharpness → higher population vector precision and accuracy), and addressed indirectly the relation between sharpness of directional tuning and degree of net excitation
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(lower mean discharge rates → higher sharpness). Then,
the connection between mean discharge rate and population
vector precision and accuracy was established (Figs. 15,
16). Remarkably, this connection was extended and documented with respect to the mean discharge rate during a
resting state preceding the movement (Fig. 24). What is
lacking is a direct association between inhibition, mean
discharge rate (resting or task-related), sharpness of tuning, and behavioral precision/accuracy. Evidence for such a
direct association was provided by the results of an optogenetic study in the visual cortex of the mouse (Lee et al.
2012). In that study, optogenetic activation of parvalbuminpositive (PV+) inhibitory interneurons in the visual cortex
(a) lowered mean discharge rate of nearby neurons, (b)
sharpened their orientation tuning, and (c) improved perceptual discrimination of orientation gratings. Moreover,
using proper control procedures, it was shown that these
effects were due to inhibition and not disfacilitation (Lee
et al. 2012). These results tie all loose ends together, so to
speak, and would be expected to apply as well to motor
cortex and other cortical areas.
Visual population vector
Lee et al. (2012) also showed that awake, behaving mice
discriminated better two orientation gratings when PV+
interneurons were activated, and the electrophysiological
effects above were also observed in the awake mice. These
results point to an orientation population signal whose orientation selectivity is higher (i.e., its variable error is lower)
under PV+ optogenetic stimulation. This population visuocortical orientation signal would be formally equivalent to
our motor population vector in that they are both weighted
vectorial averages of cell contributions along their preferred
orientation (range 0–180°) or movement direction (range
0–360°), for visual or motor cells, respectively. However,
although the motor population vector was calculated more
than 30 years ago (Georgopoulos et al. 1983), the visual
one remains to be computed. We predict that the properties of the visual population vector would vary in a similar
fashion to that described in this paper in association with
sharpness of orientation tuning and log mean discharge
rate, i.e., the overall inhibitory drive. As in the motor system, a direct modulation of this inhibitory drive could be
the underlying mechanism for task-dependent visual orientation discrimination.
Possible role of inhibition in cognitive processing
The results of this study, and those of other studies discussed above, clearly point to an important role of inhibition in shaping behavioral outcomes, including movement
accuracy and visual perception. Since the NPV has been
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instrumental in visualizing time-varying, dynamically
evolving cognitive processing, including mental rotation
(Georgopoulos et al. 1989; Lurito et al. 1991), memory
scanning (Pellizzer et al. 1995), and mental tracing in maze
solving (Crowe et al. 2005), and since NPV directional
accuracy and precision are directly affected by inhibition, it
is reasonable to suppose that the amount of inhibition will
affect cognitive processing and performance. This hypothesis is supported by the results of Lee et al. (2012) discussed
above, where optogenetic activation of PV+ inhibitory
interneurons in the visual cortex improved perceptual discrimination of orientation gratings. Similarly, an increase
in the inhibitory drive in relevant cortical circuits (effected,
for example, by appropriate optogenetic stimulation) would
result in an improved cognitive performance in mental
rotation, memory scanning, maze solving, and other tasks,
stemming from a more accurate and precise time-varying
NPV. This hypothesis remains to be investigated.
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