Chapter 10

Neural Network Modeling of Voluntary
Single-Joint Movement Organization I. Normal
Conditions
Vassilis Cutsuridis

Abstract Motor learning and motor control have been the focus of intense study
by researchers from various disciplines. The neural network model approach has
been very successful in providing theoretical frameworks on motor learning and
motor control by modeling neural and psychophysical data from multiple levels of
biological complexity. Two neural network models of voluntary single-joint movement organization under normal conditions are summarized here. The models seek
to explain detailed electromyographic data of rapid single-joint arm movement and
identify their neural substrates. The models are successful in predicting several characteristics of voluntary movement.

10.1 Introduction
Voluntary movements are goal-directed movements triggered either by internal or
external cues. Voluntary movements can be improved with practice as one learns
to anticipate and correct for environmental obstacles that perturb the body. Singlejoint rapid (ballistic) movements are goal-directed movements performed in a single
action, without the need for corrective adjustments during its course. They are characterized by a symmetric bell-shaped velocity curve, where the acceleration (the
time from the start to the peak velocity) and deceleration (the time from the peak
velocity to the end of movement) times are equal [3]. Similar velocity proﬁles have
also been observed in multi-joint movements [11].
The electromyographic (EMG) pattern of single-joint rapid voluntary movements
in normal subjects is also very characteristic. It is characterized by alternating bursts
of agonist and antagonist muscles [28]. The ﬁrst agonist burst provides the impulsive
force for the movement, whereas the antagonist activity provides the braking force
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to halt the limb. Sometimes a second agonist burst is needed to bring the limb to
the ﬁnal position [1, 4, 5, 6, 23, 24, 25, 26, 27, 36]. The combination of the agonist–
antagonist–agonist bursts is known as the triphasic pattern of muscle activation [28].
An excellent review on the properties of the triphasic pattern of muscle activation
and the produced movement under different experimental conditions can be found
in Berardelli and colleagues [2].
The origin of the triphasic pattern and whether it is controlled by the nervous system has been long debated [33]. In a review paper by Berardelli and colleagues [2],
three conclusions were made: (1) the basal ganglia output plays a role in the scaling
of the ﬁrst agonist burst size, (2) the corticospinal tract has a role in determining
spatial and temporal recruitment of motor units, and (3) the proprioceptive feedback
is not necessary to the production of the triphasic pattern, but it contributes to the
accuracy of both the trajectory and the end point of ballistic movements. That means
that the origin of the triphasic pattern of muscle activation may be a central one, but
afferent inputs can also modulate the voluntary activity.

10.2 Models and Theories of Motor Control
Motor learning and motor control have been the focus of intense study by researchers
from various disciplines. The experimental researchers interested in motor learning
investigate how practice facilitates skill acquisition and improvement. The theoretical/computational researchers interested in motor control have investigated which
movement variables are controlled during movement from the nervous system [33].
Many computational models of motor control have been advanced over the years
[14]. These models include the equilibrium point hypothesis [20], dynamical system theory [32], the pulse-step model [22], the impulse-timing model [35], the dualstrategy hypothesis [14], models about minimizing movement variables [34], and
neural network models [8, 9, 10, 13, 17, 15, 16, 18].
The neural network model approach has been very successful in providing
theoretical frameworks on motor learning and motor control by modeling neural
and psychophysical data from multiple levels of biological complexity. In particular, the vector integration to endpoint (VITE) and factorization of muscle length
and muscle tension (FLETE) neural network models of Bullock, Grossberg, and
colleagues [7,8,9,10,13] have provided qualitative answers to questions such as how
can a limb be rotated to and stabilized at a desired angle? How can movement speed
from an initial to a desired ﬁnal angle be controlled under conditions of low joint
stiffness? How can launching and braking forces be generated to compensate from
inertial loads? The VITE model was capable of generating single-joint arm movements, whereas the FLETE model afforded independent voluntary control of joint
stiffness and joint position, and incorporated second-order dynamics, which played
a large role in realistic limb movements. Variants of the FLETE model [9] have been
successful in producing realistic transient muscle activations, such as the triphasic
pattern of muscle activation observed during rapid, self-terminated movements.
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Despite their successes, the VITE and FLETE models have several limitations. First, in an attempt to simulate the joint movement and joint stiffness,
Bullock and Grossberg speculated the presence of the two partly independent
cortical processes [30], a reciprocal signal of antagonist muscles responsible for
the joint rotation, and a co-contraction signal of antagonist muscle responsible
for joint stiffness. However, neither the VITE-FLETE model studies [9] nor the
Humphrey and Reed [30] experimental study has identiﬁed the exact neural correlates (i.e., cell types) for the reciprocal activation and co-contraction of antagonist
muscles.
Second, they failed to provide functional roles of experimentally identiﬁed neurons in primary motor cortex (area 4) and parietal cortex (area 5), such as the phasic
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Fig. 10.1: Extended VITE–FLETE models without dopamine (DA). (A and B) Top:
Extended-VITE model for variable-speed trajectory generation. Bottom: ExtendedFLETE model of the opponent processing spinomuscular system. Arrow lines: excitatory projections; solid dot lines: inhibitory projections; dotted arrow lines: feedback pathways from sensors embedded in muscles. GO: basal ganglia output signal;
P: bidirectional co-contractive signal; T: target position command; V: DV activity;
GV: DVV activity; A: current position command; M: alpha motoneuronal (MN) activity; R: renshaw cell activity; X, Y, Z: spinal inhibitory interneuron (IN) activities;
Ia : spinal type a inhibitory IN activity; S: static gamma MN activity; D: dynamic
gamma MN activity; 1,2: antagonist cell pair.
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Fig. 10.1: (continued)
cells, the tonic cells, the reciprocal cells, and the bidirectional cells known to play a
role in voluntary movement initiation and control [19, 21].
Third, they failed to identify the site of origin of the triphasic pattern of muscle
activation [2]. Is the triphasic pattern cortically or subcortically originated [2]? If
cortically originated, are the agonist and antagonist bursts generated from experimentally identiﬁed cortical cell types? Does the afferent feedback from the muscle
spindles to the spinal cord play any role in maintenance of this pattern? Does the
feedback from the muscle spindles to the cortex play a role in the generation of the
second agonist burst?
These limitations were addressed successfully by the extended VITE–FLETE
with dopamine models of Cutsuridis and Perantonis [18] and Cutsuridis [15,16,17].
These models have answered issues concerning voluntary movement and proprioception in normal and Parkinsonian conditions. The temporal development of these
models in normal conditions (i.e., without dopamine) is reviewed in detail in the
next section.

10.3 The Extended VITE–FLETE Models Without Dopamine
Figures 10.1a, b depict the extended VITE–FLETE models without dopamine of
voluntary movement and proprioception [15, 16, 17, 18]. Both models were based
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on known corticospinal neuroanatomical connectivity. Detailed description and
complete mathematical formalism of the models can be found in Cutsuridis and
Perantonis [18] and Cutsuridis [15, 17]. Both extended VITE–FLETE without
dopamine models, while they preserved the original VITE–FLETE model’s capability of generating rapid single-joint movements and affordance of independent
voluntary control of joint stiffness and joint movement, they were extended it in
three fundamental ways.
In a behavioral neurophysiology task, Doudet and colleagues [19] trained monkeys to perform fast ﬂexion and extension elbow movements while they recorded
from their primary motor cortex. Three classes of movement-related neurons were
identiﬁed according to their activity during the movement: (1) neurons showing a
reciprocal discharge pattern for ﬂexion and extension movements (reciprocal neurons), (2) neurons whose activity changed for only one direction (unidirectional
neurons), and (3) neurons whose activity decreased or increased for both directions
of movement (bidirectional neurons). In the extended VITE–FLETE with dopamine
model of Figure 10.1a [15, 16, 18] functional roles to the cortically identiﬁed reciprocal [19], bidirectional [19], phasic MT and tonic neurons were assigned. An arm
movement difference vector (DV) was computed in parietal area 5 from a comparison of a target position vector (TPV) with a representation of the current position called perceived position vector (PPV). The DV signal then projected to area
4, where a desired velocity vector (DVV) and a nonspeciﬁc co-contractive signal
(P) [30] were formed. A voluntarily scalable GO signal multiplied (i.e., gated) the
DV input to both the DVV and the P in area 4, and thus volitional sensitive velocity and nonspeciﬁc co-contractive commands were generated, which activated the
lower spinal centers. The DVV and P signals corresponded to two partly independent neuronal systems with the motor cortex [30].
The output of the basal ganglia (BG) system, which represented the activity of
the GPi was modeled by a GO signal:
G(t) = G0 (t − τi )2 u[t − τi ]/(β + γ (t − τi )2 ),

(10.1)

where G0 ampliﬁed the G signal, i was the onset time of the ith volitional command,
β and γ are free parameters, and u[t] was a step function that jumped from 0 to 1 to
initiate movement. The difference vector (DV), which represented cortical area’s 5
phasic cell activity, was described by
dVi
= 30(−Vi + Ti − Ai ),
dt

(10.2)

where Ti was the target position command and Ai was the current limb position
command.
In contrast to the original VITE–FLETE model [9, 10], in the extended VITE–
FLETE models [15, 16, 17, 18], the desired velocity vector (DVV) represented the
activity of cortical area’s 4 phasically activated reciprocal neurons [19], and it was
organized for the reciprocal activation of antagonist muscles. It was deﬁned by
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ui = [G(Vi −V j ) + Bu ]+ ,

(10.3)

where i, j designated opponent neural commands and Bu was the baseline activity
of the phasic-MT area 4 cell activity.
The co-contractive vector (P) represented area’s 4 phasic activity of bidirectional
neurons (i.e., neurons whose activity decreases or increases for both directions of
movement [19]), and it was organized for the co-contraction of antagonist muscles
(see columns 1 and 3 of Fig. 10.2). It was given by
P = [G(Vi −V j ) + BP ]+ .

(10.4)

Fig. 10.2: Comparison of peristimulus time histograms (PSTH) of reciprocally organized neurons (column 1; reproduced with permission from [19, Fig. 4A, p. 182],
Copyright Springer-Verlag) in area 4, simulated area’s 4 reciprocally organized phasic (DVV) cell activities (column 2), PSTH of area’s 4 bidirectional neurons (column 3; reproduced with permission from [19, Fig. 4A, p. 182], Copyright SpringerVerlag) and simulated area’s 4 co-contractive (P) cells activities (column 4) for a
ﬂexion (row 1) and extension (row 2) movements in normal monkey. The vertical
bars indicate the onset of movement. Note a clear triphasic AG1-ANT1-AG2 pattern
marked with arrows is evident in PSTH of reciprocally and bidirectionally organized
neurons. The second AG2 burst is absent in simulated DVV cell activities.
While the reciprocal pattern of muscle activation served to move the joint from
an initial to a ﬁnal position, the antagonist co-contraction served to increase the
apparent mechanical stiffness of the joint, thus ﬁxing its posture or stabilizing its
course of movement in the presence of external force perturbations. The Renshaw
population cell activity was modelled by
dRi
= φ (λ Bi − Ri )zi max(Mi , 0) − Ri (1.5 + max(R j , 0)),
dt

(10.5)
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Fig. 10.3: Comparison of peristimulus time histograms (PSTH) of reciprocally organized neurons (column 1; reproduced with permission from [19, Fig. 4A, p. 182],
Copyright Springer-Verlag) in area 4, simulated area’s 4 reciprocally organized phasic (DVV) cell activities (column 2), PSTH of area’s 4 bidirectional neurons (column 3; reproduced with permission from [19, Fig. 4A, p. 182], Copyright SpringerVerlag), and simulated area’s 4 co-contractive (P) cells activities (column 4) for a
ﬂexion (row 1) and extension (row 2) movements in normal monkey. The vertical
bars indicate the onset of movement. Note a clear triphasic AG1-ANT1-AG2 pattern
marked with arrows is evident in PSTH of reciprocally and bidirectionally organized
neurons. The same triphasic pattern is evident in simulated DVV cell activities. The
second peak in simulated activities marked with an arrow arises from the spindle
feedback input to area’s 5 DV activity.

whereas the α − MN population activity was described by
dMi
=φ (λ Bi − Mi ) · (Ai + P + χ · Ei ) − (Mi + 2) · (1 + Ω · max(Ri , 0)
dt
(10.6)
+ ρ · max(Xi , 0) + max(I ,j 0)),
where Xi was the type Ib interneuron (Ib IN) force feedback, Ei was the stretch feedback, and I j was the type Ia interneuron. The type Ia interneuron (Ia IN) population
activity was deﬁned as
dIi
= φ · (15 − Ii ) · (Ai + P + χ Ei ) − Ii (1 + Ω · max(Ri , 0) + max(I ,j 0)).
dt

(10.7)

The Ib IN population activity without dopamine was given by
dXi
= φ · (15 − Xi )Fi − Xi · (0.8 + 2.2 max(X j , 0)),
dt

(10.8)
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where Fi was the feedback activity of force-sensitive Golgi tendon organs.
While the extended model was successful in simulating the neuronal activity
of the reciprocal and bidirectional cells and proposed for the functional roles in
joint movement and stiffness, it failed to simulate the second agonist burst of both
the reciprocal and the bidirectional neurons (see columns 1 and 3 of ﬁgures 10.2
and 10.3). Due to this failure a biphasic (not triphasic) pattern of α -motorneuronal
activation is produced (see Fig. 10.4A). As mentioned earlier, the role of the second
agonist burst of the triphasic pattern is to clamp the limb to its ﬁnal position [29].
To simulate the second observed burst in the reciprocal and bidirectional discharge patterns as well as in the α -MN activities, the extended VITE–FLETE model
of Fig.10.1a [15, 16, 18] was further extended (see Fig. 10.1B) by incorporating the
effect of the neuroanatomically observed muscle spindle feedback to the cortex [17].
To model this effect, equation (10.2) was changed to
dVi
= 30(−Vi + Ti − Ai + aw · (Wi (t − τ ) −W j (t − τ ))),
dt

(10.9)

where Ti was the target position command, Ai was the current limb position command, aw was the gain of spindle feedback, and Wi, j were the spindle feedback
signals from the antagonist muscles. A clear triphasic AG1 -ANT1 -AG2 reciprocal
pattern of cellular activity is evident in ﬁgure (column 1 of ﬁgure 10.3). Similarly,
the activity of bidirectional neurons tuned to both directions of movement is also
shown (column 3 of ﬁgure 10.3). The simulated marked by an arrow ﬁrst peak of
extension and second peak of ﬂexion reciprocal cells is primarily due to spindle
feedback input to DV activity (a feature lacking in [18]). This cortical triphasic pattern of neuronal activation then drives the antagonist α -MNs and produces at their
level a similar triphasic pattern of muscle activation (see Fig. 10.4B).

Fig. 10.4: (A) Simulated α -MN activity when the muscle spindle feedback is absent
from the cortex. Note a pronounced biphasic AG1-ANT1 pattern of muscle activation. The second AG2 bursts are absent. (B) Simulated α -MN activity when the
muscle spindle feedback is present in the cortex. Note a clear triphasic AG1-ANT1AG2 pattern of muscle activation.

10 Neural Network Modeling: Part I

189

10.4 Conclusion
This chapter has focused on two neural network models of voluntary movement
and proprioception under normal conditions. The models seek to explain detailed
electromyographic data of rapid single-joint arm movement and identify their neural substrates. The models were successful in providing answers to the questions
detailed in the previous sections as well as predicting several characteristics of voluntary movement:
• The reciprocal and bidirectional neurons in primary motor cortex [19] are the
two partly independent cortical processes [30] for the reciprocal activation and
co-contraction of antagonist muscles in the control of joint rotation and joint
stiffness.
• The origin of the triphasic pattern of muscle activation in normal conditions is
predicted to be cortical.
• The neural substrates of the triphasic pattern of muscle activation in normal conditions are predicted to be the neuronal discharge patterns of the reciprocal neurons in primary motor cortex.
• The afferent feedback from the muscle spindles to the cortex is responsible for
the generation of second agonist burst in the neuronal and EMG activities that
clamp the limb to its ﬁnal position.
Many more predictions regarding voluntary movement control under normal conditions can be found in [18,15,16,17]. In the next chapter, issues regarding voluntary
movement disorganization in Parkinson’s disease will be addressed. In particular,
what role, if any, does dopamine depletion in key cortical and spinal cord sites play
in the initiation, execution, and control of voluntary movements in Parkinson’s disease patients? Does dopamine depletion in basal ganglia, cortex, and spinal cord
have any effect on the triphasic pattern of muscle activation? How do the neuronal
and EMG variables change when dopamine is depleted?
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