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Temporal Processing in Primate Motor Control:
Relation Between Cortical and EMG Activity

Olivier F. L. Manette and Marc A. Maier

Abstract—We investigated spatio-temporal information pro-
cessing in the primate motor system. Corticomotoneuronal (CM)
cells provide monosynaptic excitatory connections from motor
cortex to spinal motoneurons and contribute causally to the
time-varying electromyogram (EMG) of their target muscle. A
multilayer perceptron (MLP) was used to evaluate the transfer
function between neural activity of single CM cells and their
target muscle EMG, using data from in-vivo recordings in primate
motor cortex. For an optimal MLP performance, i.e., minimal
error between recorded target EMG and MLP-derived EMG, the
CM cell input period had to span the latency observed between
CM cell peak activity and EMG peak activity. We argue that
the same spike train may code two types of information: 1) rate
coding within the input window accounted for large-amplitude
variations in the EMG signal and 2) temporal coding within a
window of 40 ms just prior to the EMG output signal accounted
for EMG variations of small amplitude. The transfer function of
the MLP, thus, combines rate and temporal coding and suggests
that CM cell output may also combine these two forms of coding.
We predict that mutual constraints of rate and temporal coding
would, however, would limit the CM output to code for particular
temporal profiles of EMG, possibly adapted to bio-mechanical
constraints.

Index Terms—Backpropagation, biological motor system, bi-
ological system modeling, brain modeling, electromyography,
neural network applications, perceptron, transfer function.

I. INTRODUCTION

B IOLOGICAL skeleto-motor control contracts muscles
through the activation of spinal motoneurons, the final

common pathway. The output of the ensemble (pool) of
motoneurons activating a given muscle can be quantified
by measuring the electromyogram (EMG). The input to the
motoneurons is more difficult to establish. Many cells in di-
verse cortical motor areas have been shown to code (through
rate-coding) high-level movement parameters such as force [1],
direction [2], amplitude or velocity [3]. Indeed, some cortical
cells have been shown to code for several of those parameters
[4]. On the other hand, phenomena on time scales akin to
temporal coding have been described: on the cortical level,
occurrence of synchrony has been shown in several cortical
areas [5] and also among motor cortical cells [6]. At a low level
of motor control, i.e., at the level of muscles and motoneurons,
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it was shown that motoneurons among the same pool tend to
be synchronyzed [7] in the ms range and even motoneurons of
different muscles show synchrony, though to a smaller degree
[8].

How these high-level cortical codes in the frequency and
temporal domain are related to low-level muscle activation is
less well understood. One of the problems is, that the output
connectivity of those cortical cells is often unknown. However,
progress has been made by characterizing the activity and
connectivity of neurons projecting directly to motoneurons
(so-called premotor neurons). In the following, we will briefly
document their properties.

A. Effects of CM Spikes in the Frequency Domain

In the monkey, several neuronal populations contribute to the
activation of the motoneurons [9], [10] and, hence, to EMG ac-
tivity. However, because these sources converge onto the same
motoneurons, the various contributions of cannot be differenti-
ated in the output EMG. Among the premotor populations are
the corticomotoneuronal (CM) cells with direct, monosynaptic
and excitatory connections from the motor cortex to spinal mo-
toneurons [11], [12]. For CM cells, rate-coding with respect
to movement parameters has been investigated: some of them
show correlations between firing-rate and force [13], [14]. How-
ever, a pertinent question for CM cells is, what is their relation
to low-level control such a muscle activity. The activation pat-
terns of CM cells within a colony projecting to the same target
muscle vary: for a tonically activated muscle, the input profile
of CM cells is predominantly tonic, phasic-tonic, or phasic [13].
However, it is not clear how these temporal patterns influence
the pattern of the target EMG.

Some CM cells also show correlations between firing-rate
and target EMG activity [14]. The temporal relations in the fre-
quency domain are more variable and at a range of hundreds
of ms in contrast to the precise timing based on conduction ve-
locity (in the ms range). Onset time for most CM cells is in the
order of 200–100 ms around the target muscle EMG onset.
The majority of CM cells are activated prior to target muscle
EMG, with an average latency of around 70 ms [13].

B. Effects of CM Spikes in the Range of the Conduction Delay

Measures in the domain of temporal coding, such as cor-
tico-muscular coherence in humans and in the monkey, indicate
that cortical synchrony affects the EMG [15], [16]. In a similar
time frame, postspike effects of full-wave rectified EMG (ab-
solute value of the raw EMG), revealed by spike-triggered av-
eraging (STA), provided clear evidence that populations of CM
cells activate a given target muscle through their monosynaptic
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connections to motoneurons. A postspike facilitation (PSF) i.e.,
a small and temporary increase in EMG activity time-linked to
the triggering spikes of the triggering CM cell, is characteristic
for premotor neurons. The cortico-muscular conduction delay
(delay between the emission of the cortical spike and the onset
of the PSF in the EMG) for hand muscles, as measured by STA,
is in the order of 5 ms (for forearm muscles) to 16 ms (for in-
trinsic hand muscles), consistent with an excitatory, monosy-
naptic pathway [11], [12]. The PSF is a short temporal phenom-
enon (less than 30 ms) and its amplitude, measured by the MPI
(mean percent increase of the postspike facilitation), depends
on several variables (such as the background EMG activity) and
provides only an indirect measure of synaptic strength [17].

Whereas variations in CM cell firing will be reflected in the
EMG with a delay in the order of a few ms, these same variations
in the frequency domain, as judged by the CM cell onset latency,
will affect the EMG with a delay of about 100 ms. How can those
two effects be combined?

C. Open Questions and Neural Network Approach for a
Tentative Answer

We used an artificial neural network approach in conjunction
with biological input–output data to tentatively provide answers
to the following questions:

1) what is the correlation between the temporal profile of
CM cell activity and the profile of overall EMG activity? As
briefly described in Sections I-A and B, evidence for rate- as
well as temporal coding has been established. We attempt to
answer through a method that does not include an a-priori
hypothesis on the code;
2) what type of transfer function exists between CM cell

input to motoneurons and EMG output activity? Several at-
tempts have been made to characterize the transfer function
between motoneuron input and output [18] as well as between
motoneuron-activity and EMG, e.g., [19]. We aim at finding
characterizing the relation between CM cell and EMG ac-
tivity by ignoring the motoneuronal transform;
3) is a particular period in the CM cell spike train of signifi-

cant importance for the input–output relation? This relates to
the previous two questions: if rate- and temporal coding were
convolved or multiplexed, we would expect to find periods of
the spike train with varying importance with respect to those
two codes;
4) is there a relation between the size of the experimentally

observed PSF and the performance of the perceptron? This
more technical question will be taken up below.
A perceptron was used to evaluate the transfer function be-

tween CM cell activity and target muscle EMG, e.g., [20]. The
choice of the perceptron was motivated by several factors, which
are: 1) the perceptron does not rely on underlying assumptions
on the existence of rate coding or temporal coding; 2) it al-
lows the use of the raw input signal without making assump-
tions on prior treatment or extraction of variables; 3) the percep-
tron, rather than a recurrent architecture, was chosen because
of the similarity to the forward connectivity between CM cell
and motoneuron; and 4) after learning, the perceptron incorpo-
rates an implicit transfer function even if there is only a partial

input–output relation, and its performance indicates the degree
to which the input predicts the output.

This approach takes a simplified view and treats the CM
system, in a first approximation, as a simple input–output
system: the input is provided by the CM cell spike train, the
output by the EMG and the MLP provides the transfer function,
implemented on the biological level by the motoneurons or the
spinal network. This simplification neglects other sources of
input, but even then, already within this single system questions
about its spatio-temporal information processing arise and
need to be answered. We tried to dissociate the influence of
other premotoneuronal sources in the MLP transfer function by
taking into account the full CM cell spike train and its target
muscle EMG independent of behavioral epochs. This was done
in order to maximize the variance in the CM-EMG relation,
so as to minimize the covariation between the CM input and
unknown inputs from other sources [21].

II. METHOD

We used an artificial neural network approach to explore the
above issues and to evaluate the transfer function between the
temporal CM cell activity (at the single cell level) and its target
muscle EMG.

A. Experimental Data

The biological data consisted of recordings from CM cell ac-
tivity in primate motor cortex identified by the presence of PSF
in their respective target EMG obtained by STA. Data were ob-
tained from one monkey (macaca mulatta) and for 19 CM cells
during a precision grip task that required the use of the index
finger and thumb to move two spring-loaded levers into a target
position and hold them there for 1 s. For the selected CM cells,
peak activity arose prior to or at peak target EMG activity. Data
were sampled for periods of at least 120 s, with a sampling rate
of 5 kHz [6]. The EMG was full-wave rectified and smoothed
with a 10 ms or a 40 ms sliding window. PSTH of CM cell ac-
tivity as well as averaged EMG activity was compiled for up to
100 trials, aligned on the force onset of correct trials (see Fig. 1).
Peak-to-peak latency from the PSTH and averaged EMG was
used to quantify the latency between CM cell and EMG activity.

B. Multilayer Perceptron: Input and Output

The input–output function between CM cell activity and
EMG was modeled by a fully connected multilayer perceptron
(MLP under MATLAB) with a single output unit, a single
hidden layer with 2–25 hidden units, and a varying size of input
units (10–200). The input vector consisted of a binary sequence
corresponding to spikes of the CM cell over a given period
(Fig. 1), which corresponded to a window of varying size into
the past of the CM cell activity (down-sampled to 4 ms bin
size). Each input unit received a binary input corresponding to
the presence or absence of a spike in its bin, i.e., there were as
many input units as bins. The output unit was supposed to code
the target muscle EMG amplitude (a positive scalar) at time ,
given by the recorded EMG amplitude, with prior to . Input
and output data for learning were selected so as to represent the
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Fig. 1. Use of MLP. Input: binary CM cell activity over interval of time � (1
indicates presence, 0 absence of a spike within a bin of 4 ms). Output: EMG
activity at the instant t. In this example, the input window � is positioned
between t�� and t� 1. The interval can be divided into (a) long-term period
and (b) short-term period.

maximally observed variance in the output (EMG). First, in-
tertrial activity as well as activity corresponding to correct and
false trials was used. Second, all observed levels of EMG were
treated equally, independent of their actual distribution during
a recording session, i.e., the same number of examples were
used for predicting each value of EMG. Thus, after learning,
the MLP provided an implicit transfer function (prediction) for
the EMG amplitude at time , based on the CM cell activity in
the period .

C. Multilayer Perceptron: Parameters

Input layer units and the output unit used the identity function
and hidden layer units a sigmoidal activation function. The op-
timal size of the hidden layer was determined by minimizing the
size of the hidden layer in relation to the error and was kept con-
stant (15 units). Learning was achieved by providing inputs and
corresponding outputs for a period of 120 s of data, using back-
propagation (batch gradient descent). The number of learning
iterations was determined by “early stopping.” 100 random ini-
tializations (Nguyen-Widrow) were used for each MLP and the
best solution kept.

D. Multilayer Perceptron: Transfer Function and Performance
Criterion

The transfer function CM re-
lates an interval of activity of CM cell to its target
muscle EMG activity at via weights . should tend to-
ward EMG . The interval was either continuous with the
bin at , or there was a gap of bins between the and .

The error was normalized with respect to the maximal error
, which consisted of an MLP output corresponding to the

mean EMG activity produced by the bias units. Performance
was calculated as with E (t)

t=1 EMG(t)/N) EMG(t) , for a period of bins in the
EMG.

E. MLP-Mediated Postspike Effects

After learning, a procedure equivalent to STA was used to
calculate MLP-mediated postspike effects. The MLP output was

Fig. 2. Example of experimentally obtained data during a precision grip
paradigm. Top: PSTH of CM cell activity over 100 trials Middle: corresponding
average rectified EMG of the target muscle (abductor pollicis brevis). Bottom:
corresponding average force exerted by the index finger. The three recordings
were carried out simultaneously and aligned on force onset. Peak CM cell
activity precedes peak EMG by 300 ms.

calculated for a period of 104 ms (26 bins) centered around each
triggering spike occurring at bin 13 and then averaged across
spikes. Spikes surrounding the triggering spike within the 104
ms interval were taken into account and contributed to the non-
triggered output, corresponding to the background EMG ac-
tivity in STA. Postspike facilitation (onset, amplitude, surface)
was characterized with respect to the pretrigger baseline taken
as the maximal output during pretrigger period.

III. RESULTS

Fig. 2 shows an example of the biological data: PSTH of CM
cell activity and averaged rectified EMG activity of the target
muscle are aligned on force onset. In this case, the peak-to-peak
delay between the phasic-tonic CM cell and EMG activity was
300 ms; the conduction delay, as judged by the PSF (not shown)
was 14 ms.

A. MLP Performance

The performance of the MLP in predicting the EMG ampli-
tude at varied as a function of the size of the input window,
i.e., with the size of the period of CM activity prior to .
Fig. 3 shows the MLP performance curves for 6 CM cells after
learning over at most 50 iterations (early stopping). For each
cell, only the best performance curve is shown, selected from
a pool of 100 different random initializations per data point.
The window size varied from 40–520 ms in steps of 40 ms.
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Fig. 3. MLP performance as a function of the size of the input window for
6-CM cells. One trace per cell. For each of the 13 data points per cell, the input
window was incremented by 40 ms. This corresponds to an increasing window
size from 40–520 ms. For each data point, MLPs were trained based on 100
random initializations and maximal performance is plotted.

Fig. 4. MLP performance as a function of the position of the input window for
four cells. A window of fixed size (80 ms) is shifted into the past (away from t)
by 40 ms. Peak performance is achieved around the CM cell-EMG peak-to-peak
latency (-40 ms, –80 ms, –160 ms, and –240 ms).

Increasingly larger input windows increased the MLP perfor-
mance and optimum is reached between 40–320 ms, i.e., at a
input window size that covers the peak-to-peak latency between
CM cell and EMG activity. At intervals longer than this latency
the performance saturated. Maximal overall performance varied
from 16% to 31% for the 162 CM cell-EMG pairs tested.

We then tested whether the MLP could predict the EMG with
a small window of constant size. We determined the optimal
window position by sliding an input window of constant size

ms over a period from 4 to 320 ms prior to (in-
creasing and ). Fig. 4 shows the MLP performance
curve as a function of window position for four different cells.
Depending on the cell, the performance curve varied in terms of
shape and peak location. For the first cell, the MLP had a peak
performance with a window centered on ms and perfor-
mance decreased with increasing gaps between the window
and . For the other two three cells the peaks occurred for win-
dows centered on –80, –160, and –240 ms, respectively.

Over the populations of 16 cells tested, the window posi-
tion for maximal performance was in direct relation with the
peak-to-peak latency between CM cell and EMG target activity,
as shown in Fig. 5. Furthermore, for all cells the maximal per-

Fig. 5. Scatter plot between optimal position of the input window (in bins) and
the CM cell-EMG peak-to-peak latency. A significant positive correlation was
obtained (R = 0:837, N = 16, four points overlapped) is obtained.

formance with the constant-sized input window of 80 ms was
smaller than that obtained with a contiguous window.

B. MLP-Mediated Postspike Effects and Biological Postspikes
Effects

Since all tested CM cells by definition had a postspike effect,
we wanted to verify whether the best solution found by the MLP
also created a PSF-like effect. We also characterized the possible
influence of the spike train on the PSF. We applied two types of
spike trains that differed with respect to the spikes in the vicinity

ms of the triggering spike, which are: 1) no activity at all
except for the triggering spike, and 2) the recorded input, i.e.,
taking into account spikes prior to or after the triggering spike.
Fig. 6 shows the MLP output for ms around the triggering
spike. In the first case, without firing history being taken into
account, a clear PSF-like effect appears [Fig. 6(a)] with an onset
at 12 ms (three bins). In addition, in the second case where firing
history was accounted for [Fig. 6(b)], a PSF-like increase can
also be seen, though with a different shape and an onset at 16
ms (four bins).

We quantified this PSF-like effect of the full spike train by
measuring its amplitude normalized to the pretrigger baseline.
Fig. 7 shows the positive correlation between the size (MPI)
of the biological PSF and the amplitude of the MLP-mediated
postspike effect.

We then wanted to verify whether the size of the biolog-
ical postspike effect (MPI) was related to the performance of
the MLP. Overall performance of the MLP, varying between
6%–31%, was not related to biologically measured MPI: there
was no significant correlation between these two measures
( , ).

C. Differential Importance of Spikes Within the Input Window

To investigate the importance of spikes within the input
window, we divided the input window, with covering the
latency estimated by the performance curve (Fig. 4), into
two periods. A first period referred to as
“long-term” period [Fig. 1(a)] because situated a long time
from . A second period, covering contiguous
with and the first period, referred to as “short-term” period
[Fig. 1(b)].
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Fig. 6. MLP-mediated postspike effects. Example from one MLP over a
period of �50 ms (26 bins) around the triggering spike (stippled vertical line).
(a) Postspike effect with real, experimentally recorded spike train (history).
Stippled vertical lines indicate minimal and maximal amplitude in the pretrigger
period. (b) Postspike effect of the same MLP without preceding or following
spikes (no history of the spike train).

Fig. 7. Size of the biologically recorded postspike effect (MPI) as a function
of the amplitude of the MLP-mediated postspike effect. Significant positive
correlation: R = 0:43, N = 12 cells.

After learning based on activity within both periods, MLP
output was simulated for the following three different condi-
tions: 1) with spikes in the long- and short-term period as used
during learning; 2) with spikes in the long-term period only; and
3) with spikes in the short-term period only. Fig. 8(a)–(c) shows
an example of MLP output over 4 s for these three cases, su-
perimposed with the real target EMG. There were qualitative

Fig. 8. Importance of early (short-term period) versus late half (long-term
period) of data within the input window. (a) MLP performance with long- and
short-term data. Recorded EMG (thick trace ) versus calculated EMG (thin
trace) over 4 s for a single MLP. (b) MLP performance with long-term data
only over the same period as in (a). Compared to (a) performance decreases
qualitatively. (c) MLP performance of short-term data only: they only code for
small variations.

differences in the MLP output indicating a differential contri-
bution of spikes belonging to those two periods. The best fit be-
tween MLP output and real EMG was achieved with the use of
both periods [performance , Fig. 8(a)]. Using spikes
in the long-term period only produced a qualitatively lower per-
formance but the output still followed the global variations of
the EMG. However, the use of only short-term spikes prevented
the MLP output from following the global variations: the output
varied to a small degree around the constant averaged EMG ac-
tivity.
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Fig. 9. Improvement of MLP performance when short-term data were
included during learning over that of learning with long-term data only. The
degree of improvement is correlates positively with the size of the biological
postspike effect (R = 0:68, N = 6 cells). The positive correlation indicates
that the importance of the short-term data increases with the size of the
postspike effect.

Thus, on a first view, the short-term period, by only varying
around the mean activity, did not seem to be able to improve per-
formance of the MLP. To check whether the short-term period
could quantitatively contribute to overall performance and how,
we selected within the short-term period a window of 40 ms
prior to that potentially contributes to the postspike effect. In
addition, within the long-term period we chose a 80 ms window
centered on the latency for the peak performance (Fig. 4). Thus,
we used a fixed-size long-term window and a noncontiguous
fixed-size short-term window. This was done for 6 cells where
it was possible to clearly define a nonoverlapping long- and
short-term period. In order to quantify the gain in performance
due to spikes within the short-term period we tested two condi-
tions of learning, which are: 1) based on spikes within those two
periods and 2) based on spikes in the long-term period only. We
found that the combination of the two periods improved the per-
formance in all six MLPs by 14% on average over that seen after
having learned with the long-term spikes only .
Thus, the MLP did indeed use short-term information contained
within a window of 40 ms prior to to improve its performance.
Finally, we checked whether the degree of the improvement de-
pended on the size of the postspike effect. This was the case:
Fig. 9 shows the positive correlation ( , ) be-
tween the increase in performance and the size of the experi-
mentally determined postspike effect (MPI).

IV. DISCUSSION

WewantedtoinvestigatewhatkindofcodeCMcellsusetocon-
trol EMG activity. CM cells are causally involved in producing
EMG activity via their monosynaptic excitatory connections to
motoneurons in thespinalcord.Wehaveusedacomputationalap-
proachbasedonamultilayerperceptron (MLP) inorder topredict
the target muscle activity at time as a function of CM single cell
inputoveran interval prior to .Wewill in thefollowingaddress
the basic questions put forward in the introduction.

A. Overall Input–Output Relation

A first question concerned the relation (degree of correlation)
between single CM cell activity and EMG activity. The MLP

approximates the best possible contribution of a single cell. By
using multiple randomizations and choosing the best one we
tried to estimate the maximal contribution in terms of MLP per-
formance. The performance was between 16%–31%. Clearly, a
single CM cell determines the EMG output only partially. But
this performance seems rather high considering that a single CM
cell is one among a colony of CM cells projecting to the same
target muscle and that CM cells typically branch to more than
one target muscle.

B. Rate Coding

The MLP data suggest that a large part of the input–output
relation can be explained by rate coding. Spikes falling within an
optimal window centered around the latency between CM cell
peak and EMG peak activity can code for the global variations in
the target EMG. This is in keeping with biological data that CM
cell firing frequency can be correlated with target EMG activity
[14]. However, rate coding does not seem to contain sufficient
information to produce finer variations in the EMG.

The results further suggest that rate coding over a window
provides better MLP performance than instantaneous rate
coding. On the biological level, it has been shown that mo-
toneurons, with limited dynamics in firing rate modulation,
may act as a low-pass filter [22] partly due to long after-hy-
perpolarization [23]. Furthermore, it was estimated that the
temporal population output of a CM cell colony was more
phasic than its target muscle EMG activity [9]. Thus, on the
level of information processing, rate coding over a sufficiently
large window of input spikes, which also acts as a low-pass
filter, improves the transfer function. This is compatible with
the finding that MLP performance increased with increasing
size of the input window: the optimal size of the window was
in the order of the CM cell-EMG peak-to-peak latency, i.e., up
to 300 ms. However, smaller windows (80 ms) centered on this
latency also allowed for efficient rate coding, indicating that
spikes in particular periods may contain more information than
in others.

C. Temporal Coding

The results of the MLP analysis suggest that CM cell activity
in terms of a transfer function for EMG activity also contains
information in the temporal domain. In particular, the transfer
function learned by the MLP also produced effects akin to
those of biological postspike facilitation (PSF) of EMG activity
by CM cells [11], [12]. These MLP-mediated postspike effects
were specific for spikes occurring within bins (input units)
close to time , i.e., corresponded to direct effects mediated by
the conduction delay. Furthermore, we found that the size of
the MLP-mediated PSF was related to the size of the biological
PSF, indicating that the MLP in terms of information processing
may have captured a similar relation. Of course, there is no
mechanistic relation between the biological PSFs produced via
EPSPs in motoneurons and that used by the MLP. Importantly,
however, short-term information in the range of the conduction
delay did significantly contribute to the MLP performance. In
particular, small variations in the EMG were captured by spikes
in the short-term range and not in the domain of rate coding.
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On the biological level, mechanisms akin to temporal coding
have been described at the motoneuronal level and in the corti-
cospinal system: motoneurons among the same [7] or different
pools tend to be synchronyzed [8] on the cortical level, syn-
chrony has been described among motor cortical cells [e.g., [6]]
and also between CM cells [24], [25].

D. Formal Level—Combination of Rate and Temporal Coding

On a formal level, the MLP transforms a binary coded input
sequence within a temporal window into a real-valued output
occurring as a consequence just after the end of the input
window. By subdividing the window into a period containing
long-term and another containing short-term spikes, we tried
to argue that the long-term part essentially works on rate and
the short-term part on temporal coding. For rate coding, the
argument relies on the finding that there is a relation between
the CM cell, EMG peak-to-peak latency and the window
position. For occurrence of temporal coding, the argument is
based on the observations that single spikes do indeed con-
tain information since: 1) the MLP-mediated postspike effect
correlated with the biologic MPI; 2) a PSF was shown after a
single spike; and 3) the MLP performance increased with the
addition of short-term spikes. In short, we may consider that
there is a tradeoff between rate and temporal coding. However,
we do not contend that long- and short-term information are
mutually exclusive: it was convenient to highlight them in
separate periods, but rate coding is not limited to the long-term
period, whereas temporal coding probably is.

Based on our results, we may assume that rate coding deter-
mines the gross levels of EMG, whereas, in a complementary
fashion, temporal coding provides precision to the EMG. Our
data indicate that improvement in MLP performance was cor-
related to the experimentally assessed size of the PSF. A model
for how CM cells code EMG activity may, thus, be as follows:
the amplitude or range of EMG activity would be subdivided
into several gross levels. CM cell rate code would determine
what one of those gross levels. Then, to reach the desired EMG
value, temporal coding, i.e., information contained within the
last spikes of the train, would adjust the EMG by adding to this
gross level. The biological MPI may therefore indicate the av-
erage shift from the gross level to the desired EMG provided by
the CM cell. Also, it may be indicative of the number of gross
levels coded in the frequency domain: the larger the MPI the
bigger would be the difference between gross EMG levels (i.e.,
less levels are coded for in the frequency domain). This may ac-
count for the fact, that when short-term information is neglected
in MLPs for CM neurons with large MPIs, a larger proportion of
information is lost compared to MLPs for CM cells with a small
MPI (Fig. 9). This suggests that the MPI may be indicative of
the information content in the frequency domain of the CM cell
(through an inverse relation).

In summary, a model for the information transmission be-
tween CM cell and EMG activity compatible with the MLP
results would need to combine rate and temporal coding. The
long-term period would indicate the gross level of EMG through
rate coding: a linear transfer function would be sufficient and
precise spike timing of minor importance. In the short-term pe-
riod, temporal coding through postspike facilitation, would code

for small EMG variations on top of the gross ones. Its transfer
function could be based on coefficients attributed to each bin.
The total output would then correspond to the sum (superpo-
sition) of the two. We suppose that the superposition function
could be additive, since we found a linear relation between MPI
and increase in MLP performance. The EMG would be coded
by: EMG , where
represents the binary value of bin , the first sum expresses the
frequency multiplied by , a linear function, and the second
sum represents temporal coding based on weights attributed
to each bin within the short-term window of size .

The consequences of such a model are two-fold. First, the
number of gross EMG states would be determined by the states
available in the CM cell frequency domain. In information
theory, the Nyquist equation: determines the
quantity of information (in bits) as a function of (the
number of elements of the message) and (the number of
states in each element). Because, additional information would
be contained in the short-term period, the total information
content of CM cell activity would be the product of the two.
Such a model would provide a parsimonious solution because
it allows for the coding of a many-valued output with a limited
bandwidth of inputs in the frequency domain.

Second, this kind of coding has consequences in terms of
transitions. Information is contained within a temporal window
that requires a minimal necessary size to code information.
Together with the maximal firing rate , this window deter-
mines the number of possible spike train combinations within

, i.e., . This number corresponds to the theoretical max-
imal number of EMG values the cell can code. However, if part
of the window uses rate coding, i.e., average frequency of the
spike train, this number will be much lower. Thus, to pass from
a given spike train to another train, fully independent of the first,
takes at least a time of . Furthermore, to transmit sequences
of messages takes proportionally longer and not all kinds of
transitions will be feasible due to the size of the window. We
would predict that CM cells would be limited to the production
of a given set of profiles of output activity: i) because transi-
tions cannot occur arbitrarily fast and ii) because precise se-
quences would produce particular temporal profiles. This in a
wider sense would lead to a specialization of CM cells for par-
ticular movements [26]. This specialization of CM cells may be
in relation to bio-mechanic limitations: the space of movements
is limited and this may in turn limit the number of sensible firing
transitions in CM cells. Graph theory [27] may provide a tool for
describing the possible transition states of CM cells.

How would the system calculate the coefficients for each
bin in the temporal domain? We suggest that this may be done
through learning. Two limitations would need to be taken into
account: coefficients of neighboring bins cannot be independent
and the functions should be compatible with the biology of the
neuron.
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