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We propose a controller based on a central pattern
generator (CPG) network of mutually coupled Mat-
suoka nonlinear neural oscillators to generate rhyth-
mic human-like movement for biped robots. The pa-
rameters of mutually inhibited and coupled Matsuoka
oscillators and the necessary interconnection coupling
coefficients within the CPG network directly influence
the generation of the required rhythmic signals related
to targeted motion. OQur objective is to analyze the mu-
tually coupled neuron models of Matsuoka oscillators
to realize an efficient CPG design that leads to have
dynamic, stable, sustained rhythmic movement with
robust gaits for bipedal robots. We discuss the design
of a CPG model with new interconnection coupling
links and its inhibitation coefficients for a CPG-based
controller. The new design was studied through in-
teraction between simulated interconnection coupling
dynamics with six links and a musculoskeletal model
with the 6 degrees of freedom (DOFs) of a biped robot.
We used the weighted outputs of mutually inhibited
oscillators as torques to actuate joints. We verified the
effectiveness of our proposal through simulation and
compared the results to those of Taga’s CPG model,
confirming better, more efficient generation of stable
rhythmic walking at different speeds and robustness
in response to disturbances.

Keywords: central pattern generator (CPG), nonlinear
neural oscillator, rhythmic movement, biped locomotion,
biped robot.

1. Introduction

Challenges facing the development of autonomous
biped robots include problems related to equilibrium and
control strategies that must be solved to design efficient,
stable rhythmic movement. Current locomotion control
approaches are based mainly on trajectory plans that pre-
scribe the desired state of movement as a function of
time [1]. Most humanoids developed use the target zero
moment point (ZMP) tracking algorithm for bipedal loco-
motion to describe system stability and to control a sys-
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tem by following a target ZMP trajectory [2]. While this
control strategy is a simple, straightforward way to real-
ize biped robots, it requires precise modeling and precise
joint actuation with high joint control gain to achieve suc-
cessful locomotion. We must understand how the human
nervous system controls bipedal locomotion and how to
model it with efficient controllers if we are to design hu-
manoid robots with a human-like gait.

In efforts to understand robot locomotion control and
to construct autonomous robots, robotics researchers have
derived inspiration from biologically inspired control. Lo-
comotion is a basic organic concept involving a nervous
system dedicated for functionality of movement. Organic
movement involves active interaction with the environ-
ment, rapid adaptability and stability toward environmen-
tal change, and robustness toward perturbations. From the
viewpoint of neurobiology, human-like locomotion is hi-
erarchically controlled at several levels of the central ner-
vous system, i.e., the spinal cord, brainstem, and cere-
bral cortex [3]. Neurobiological studies have shown that
rhythmic motor patterns are controlled by neural oscilla-
tors called central pattern generators (CPGs) [4]. Stable,
adaptive walking results from interaction between muscu-
loskeletal dynamics and the rhythmic CPG signals. CPGs
most likely found in the spinal cord control low-level lo-
comotion patterns such as walking, flying, crawling, and
swimming in vertebrates [5, 6]. Evidence shows that an-
imals have inherent rhythmic pattern generators within
their neural circuitry [7]. CPGs have been studied in ani-
mals such as cats, and observations support the notion of
human-CPGs. CPGs are biological neural networks that
generate basic rhythmic movement in locomotion, such
as walking, running, swimming, and flying. Rhythmic
movements induce physical coordination [5], especially
in higher vertebrates, for controlling posture and balance.

Nonlinear oscillators are systems of differential equa-
tions featuring such desirable features as robustness, in-
dependence from initial conditions, and synchronization.
Several types of coupled nonlinear oscillators have been
developed by Hopf, Rayleigh, Van del Pol, and Matsuoka
to implement CPGs and generate required signals. Most
CPGs for robot locomotion control covered in the liter-
ature are modeled as groups of coupled nonlinear differ-
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Central Pattern Generators Based on the Matsuoka Oscillator
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Fig. 1. (a) General Matsuoka neuron model; (b) One oscillator consisting of an extensor and a flexor.

ential equations, with flexible movement generated by en-
training neural and mechanical dynamics in a dynamically
changing environment. Matsuoka [8, 9] mathematically
modeled the firing rate of two mutually inhibiting neu-
rons for a neural oscillator, described by a set of differen-
tial equations. The Matsuoka oscillator is widely used to
simulate biologically inspired movement and to generate
rhythmic movement patterns for robots because the basic
oscillator structure is simpler than that of other oscillators,
e.g., the Van del Pol oscillator, because the Matsuoka os-
cillator has logical nonlinearity only in output, while the
Van del Pol oscillator has quadratic state nonlinearity.

Interest is growing in biologically inspired control ap-
proaches for developing CPGs-based controllers to gen-
erate stable, efficient walking rhythm for robots with dif-
ferent locomotion, e.g., biped, quadruped, and hexapod
[5,10-12]. Such interest is reflected in the large num-
bers of studies, for example, on locomotion and swim-
ming robots controlled by CPG controllers inspired by
vertebrate locomotion. While many researchers have ap-
plied CPG-based concepts to walking robot control [10—
20], controller parameters have mostly been tuned by trial
and error.

We analyzed the internal Matsuoka oscillator model to
find efficient structural design for a CPG-based controller
with new coupling link interconnection and inhibition co-
efficients that generate dynamic, stable, sustained rhyth-
mic movement with robust gaits for bipedal robots. We
studied new design through interaction between simulated
six-link interconnection coupling dynamics and the 6 de-
grees of freedom (DOF) musculoskeletal of a biped robot.
We studied the effectiveness of our proposal through sim-
ulation, and compared results to those for Taga’s CPG
model, analyzing the generation of stable rhythmic walk-
ing, changes in walking speed, and response to distur-
bances.
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2. Oscillator Neuron Model and Generic CPG
Structure

The mathematical model of Matsuoka’s nonlinear neu-
ral oscillator [8, 9] is introduced as a generic element into
a CPG-based controller developed for biped robot loco-
motion.

2.1. Matsuoka Oscillator Neuron Model

Originally, Matsuoka’s neural model [8,9], consisted
of two first-order coupled differential equations, one rep-
resenting the membrane potential of the neuron and the
other the degree of neuron fatigue:

du n
Trid_tl = —Mi+j:ZIWijyj+Ws,sz_bfi
+feed; . . . . . . . . ...
dfi
ai—— — —Ji i Ce e e e e e e e e 2
Tai fity 2
yi(ui) = max{O,ui} Coe e e e e e e e (3)

where the output of the neuron is nonlinear in a logic func-
tion.

The mathematical neuron model has two state vari-
ables and constant parameters but their values must be
selected appropriately. The first is inner state variable u;,
corresponding to the membrane potential of the neuron.
The second state variable is f;, representing the degree of
adaptation or self-inhibition in the i-th neuron, b is the
adaptation constant, and y; is the output of the i-th neu-
ron. Subscripts i, j denote the neuron number, 7,; is the
time constant specifying the rise time when step input is
given. The frequency of output is roughly proportional to
1/7,4. 7,4 is the time constant specifying the adaptation
time lag, w;; denotes the inhibitory synaptic connection
weight from the j-th neuron to the i-th neuron, w;; <0 for
i # j,and w;; =0 for i = j. Y¥.(w;jy;) represents the to-
tal input from neurons inside a neural network, sg is con-
stant drive input, and w,, denotes a drive input connection
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Fig. 2. Full and mutual inhibitory coupling between two
Matsuoka oscillators.

Table 1. Neuron parameter setup within two Matsuoka os-
cillators in Figs. 2 and 4.

Parameter | T; | To | Wij | Wy; | S0 | b | feed;
N; I |12 —|20]1]25 0
N, 1 {12 — 20| 1|25 0
N3 I 12 —|15]1]25 0
Ny I 12 —|15]1]25 0

weight. feed; is an input feedback sensor signal to the
i-th neuron representing internal sensory information and
interaction between the robot and its environment, and it
is used mainly in a closed-loop CPG model or else is set
to zero. Input feed; may be any number of inputs applied
to the i-th neuron model, which may be either propriocep-
tive signals or signals from other neurons. Note that time
constants 7,; and 7, change frequency and that constant
input so changes amplitude. Fig. 1(a) shows the general
Matsuoka neuron model described by Egs. (1), (2), and
3).

Assuming that the Matsuoka oscillator consists of two
neurons with four state variables, two variables represent
the inner state of each neuron, u; and u;, and the other
two state variables represent the degree of adaptation for
each neuron, f; and f;. These neurons, linked recipro-
cally, alternately inhibit and excite each other to produce
oscillation as output. Such activity accounts for the al-
ternating and mutually inhibition of the flexor and exten-
sor muscles at joints during walking. The extensor and
flexor are physiologically driven based on the output of
each neuron. Self-inhibition is governed by bf; and bf;
connections and mutual inhibition by w;;y; and w ;;y; con-
nections. Oscillator output is t,, = a;y; — a;y;, represent-
ing the algebraic sum of the weighted output signal from
each neuron, where a; and a; denote constant gains. f,,
may be used as a motor command to drive a 1-DOF joint,
where 1, > 0 implies extensor neuron activity, and ¢, < 0
implies flexor neuron activity [14]. Conventionally, the
output of oscillator #,, is used in the framework of feed-
forward control, where it is directly regarded as any ma-
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Table 2. Weight coupling coefficients between the Mat-
suoka oscillators in Fig. 2.
Oscillator 1 Oscillator 2
Neuron 1 | Neuron 2 | Neuron 3 | Neuron 4
(F) (E) F) E)

n Neuron 1 — —-1.5 -2.0 —-1.0
L% ®
3 | Neuron2 | —1.5 — ~1.0 ~1.0
© ()]
o Neuron 3 —-2.0 —-1.0 — —-2.0
g F)
§ Neuron 4 —-1.0 —-1.0 —-2.0 —
© E)

nipulated quantity, such as torque, rate of angle, angle,
etc., for each active joint in a robot. Here, the two neurons
of each oscillator generate torques in opposite directions,
1.e., the directions of flexor and extensor contraction. The
algebraic sum of torques at each neural oscillator is pro-
portional to the torque at the joint during biped walking.
In a simplified Matsuoka oscillator model represent-
ing an extensor neuron or a flexor neuron (Fig. 1(b)), the
neural oscillator causes attraction if provided with an in-
put having a frequency similar to its natural frequency.
Tri» Tai» b, and w;; of both neurons must be optimized to
achieve regular, sustainable oscillation generating stable
rhythmic patterns. For a precise analysis of mathematical
conditions generating oscillation, refer to [8] and [9].

2.2. Generic CPG Structure with Two Matsuoka
Oscillators

The biological literature describes CPG network behav-
ior but not its design. The CPG models biological rhythm
represented using neural oscillators. Basically, coupled
adaptive oscillators are used in CPG network construc-
tion to produce a periodic signal, particularly in a simple
network based on inhibitory connections that enable rea-
sonably predictable neural CPG design.

2.2.1. Full and Mutual Coupling Between Neuron Out-
puts of Two Matsuoka Oscillators

Extensor and flexor neuron output within one Matsuoka
oscillator Oy, consists of neurons 1 and 2, i.e., y; and y,
considered as excitatory or inhibitory input to each ex-
tensor and flexor neuron in a second Matsuoka oscillator
O34, which consists of neurons 3 and 4 (Fig. 2). Similarly,
extensor and flexor neuron output in the second Matsuoka
oscillator O34, which consists of neurons 3 and 4, i.e., y3
and y4, are considered as excitatory or inhibitory input to
each extensor and flexor neuron in the first Matsuoka os-
cillator O;,, which consists of neurons 1 and 2.

Consider a case in which neuron outputs of two Mat-
suoka oscillators O15 and O34 are fully and mutually cou-
pled through inhibition coupling coefficients, while key
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Fig. 3. Output response in full and mutual inhibitory cou-
pling between two Matsuoka oscillators.

Fig. 4. Identical and mutual inhibitory coupling between
two Matsuoka oscillators.

parameters are set to ensure oscillatory conditions for
each neuron (Tables 1 and 2). The simulation result is
shown in Fig. 3.

2.2.2. Identical and Inhibitory Mutual Coupling Between
Neuron Outputs of Two Matsuoka Oscillators

In another important and particular case, a generic CPG
connection is obtained by having only mutual and iden-
tical inhibitory connections between the two oscillators,
i.e., extensor neuron output from each oscillator is to be
come inhibitory input to extensor neurons at other oscil-
lators and vice versa. A similar connection is made for
flexor neuron output at both oscillator (Fig. 4). Here, con-
nection weight coefficients w3, woa, w3i, and wap are
negative and their values are assigned as shown in Ta-
ble 3. The simulation result is shown in Fig. 5. Results
show that output response (¢,,2) of O34 is half a cycle be-
hind output response (#,,1) of O12. Such a generic CPG
structure represents the cyclic hip movement of a biped
robot suitably.
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Table 3. Weight coupling coefficients between two Mat-
suoka oscillators in Fig. 4.

Oscillator 1 Oscillator 2
Neuron 1 | Neuron 2 | Neuron 3 | Neuron 4

(F) (E) F) E)
n Neuron 1 — —-1.5 —-1.0 0.0
§ ®
S | Neuron2 | —1.5 — 0.0 ~1.0
© E)
Q Neuron 3 —-1.0 0.0 — —-2.0
§ ()
'S | Neuron 4 0.0 —-1.0 -2.0 —
© E)

Torque1,2 [Nm]

0 50 100 150 200 250 300
Time [s]

Fig. 5. Output response in identical and mutual inhibitory
coupling between two Matsuoka oscillators.

3. Biped Robot Model and CPG-Based Con-
troller

In the CPG-based controller we developed, interac-
tion is required among a high-level activity coordina-
tor (nervous system), the controller, the robot, and the
environment to fulfill tasks involving the generation of
stable human-like motion for biped robots. Our goal
is to test the developed CPG controller through simula-
tion, so the robot requires a mathematical model. For
this purpose, we modeled the biped robot with a mus-
culoskeletal system [10], and mathematically formulated
its dynamic equations of motion using the Newton-Euler
method. Robot model walking results from torques gen-
erated via the CPG controller as motor commands and
acting at each robot joint. The CPG controller continu-
ously updates motor commands via feedback signals to
establish a closed loop enabling real-time adaptation of
the walking gait. The high-level activity coordinator sets
and activates rhythmic neural movement based on exter-
nal and internal sensory information.
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Fig. 6. Five-link biped robot model.

3.1. Bipedal Musculoskeletal Model

The simple simulated bipedal musculoskeletal model
(Fig. 6) considered here has six joints and two identi-
cal legs, each with three DOFs corresponding to the hip,
knee, and ankle. Each leg consists of a thigh (links 2 and
3) and shank (links 4 and 5). In the dynamic bipedal
musculoskeletal model, links are uniformly rectangular
with a center of mass. A point mass is used to repre-
sent the remainder, described by link 1 at the hip. Both
legs are integrated at link 1 while ensuring suitable de-
tachment. Joints 1 and 2 are for the hips, Joints 3 and
4 for the knees, and Joints 5 and 6 for the ankles. Due
to low inertia, the foot point has been considered dynam-
ics during the support phase, and contact with the ground
is represented by a two-dimensional spring and damper.
Vertical and horizontal ground reaction are modeled and
calculated while the feet touch the ground. A slippage
model uses a condition that manages the relationship be-
tween reactive force and the static friction coefficient of
the ground. The described model moves within the sagit-
tal plane, and torques acting at joints to realize walking
are assumed to be generated by the CPG controller.

3.2. Mathematical Model Movement Formulation

Using the Newton-Euler dynamic formulation, we de-
rive general equations of motion for the bipedal muscu-
loskeletal model as follows [14]:

i = P)F + 00,1, T,(y) Fy(x,%)) . . . . (&)

where the x € R'* vector of inertial positions of 5 links
and inertial angles of 4 links; P € RI4*8 matrix; F € R
vector of constraint forces; Q € R vector; T, S RO vector
of torques; F, € R* vector of forces on the ankle based on
the terrain state; and y € R'? vector of CPG controller
output.

Equations of kinematic constraints are formulated from
the model, and acceleration is obtained by differentiating
these equations twice over time. The resulting equations
are written compactly as follows:

Cx)¥=Dx,x). . ... ... .... O
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Fig. 7. One-rank CPG network of biped model.

Constraint forces are obtained by substituting Eq. (4) into
Eq. (5), and to get required acceleration without using
constraint force, the resulting equation of force is substi-
tuted into Eq. (4). The compact form of acceleration equa-
tions representing bipedal musculoskeletal movement are
as follows:

i = P(x)[C(x)P(x)] "' [D(x,%)
—C(x)Q(x,x,T,(y), Fg(x,%))]
+ 00, %, T, (y), Fe(x,%)). . . . . . . (6)

To solve movement equations, y values are provided as
CPG output proportional to torque. The feedback sig-
nal from the bipedal robot to the CPG is represented by
joint locations and velocity of different moving parts of
the body and contact with the environment.

3.3. Biology-Inspired Controller

Six Matsuoka oscillators, i.e., 12 Matsuoka neuron
models, are used to build the CPG-based controller for
the bipedal robot, i.e., two oscillators for left and right
hips and one oscillator for each knee and ankle (Fig. 7)
[10]. Odd-numbered neurons, i.e., N;,i=1,2,...,12, rep-
resent the flexor (F) and even-numbered neurons extensor
(E), and t,,] to t,,¢ represent output torque from oscilla-
tors. The two hip oscillators are configured to have iden-
tical and mutual inhibitory connections. The inhibitory
connection between hip oscillators produces alternate ex-
citation for alternation between leg movement. Parame-
ters for each neuron model and interconnection coupling
coefficients between oscillators are tuned experimentally
to generate a consistent pattern that yields human biped
movement. The feedback signal from the bipedal robot to
the CPG is represented by inertial joint locations and the
velocity of different moving parts of the robot and con-
tact with the environment. Feedback sensory information
for a physical biped robot is sensed through internal and
external sensors.

Interconnection coupling links between neural oscilla-
tors have been selected to produce stable and rhythmic
relative phases at joints on either side of the biped robot.
Fig. 8 shows new coupling in which the hip oscillator
flexor and extensor inhibit knee and ankle oscillator ex-
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Fig. 8. Two-rank CPG network of biped model.

tensor neurons. The flexor and extensor of both knee
oscillators were chosen to inhibit ankle flexor neurons.
The new coupling links are expected to enable the CPG-
based controller to generate better, stabler, rhythmic, and
alternate relative phases for each side of the robot while
enhancing robot response to external perturbations more
than the model in Fig. 7.

4. Simulation and Results

4.1. Simulation

We simulated the three main components of the biped
robot using MATLAB, as follows:

1. Vertical and horizontal ground contact are continu-
ously calculated while any one or both of the bipedal
ankles contact the ground. Ground contact was sim-
ulated using two-dimensional springs and dampers.

2. The CPG-based controller receives inputs as feed-
back signals from both ground contact and inertial
locations and velocities from the musculoskeletal
model. Using Egs. (1), (2), and (3) and feedback
signals together with assigned coupling coefficients,
each of the Matsuoka oscillators generates an output
weighted with a gain constant to yield the instanta-
neous torque required to actuate the joint instanta-
neously.

3. We simulated musculoskeletal dynamics using
Eq. (6). This part of the simulation receives gen-
erated torque through the CPG-based controller and
ground contact. Its outputs are a set of inertial loca-
tions and velocities for hips and ankles and for cen-
ters of thigh and shank links and a set of angles and
angular velocities for center locations of thigh and
shank links.

The three components above were implemented and ex-
ecution synchronized every 0.001 s.
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Fig. 9. Walking trajectory of Taga model with so = 5.5

during 10 s simulation.
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Fig. 10. Walking trajectory of Taga model with so = 6.0

during 10 s simulation.

4.2. Conventional Coupling Among Joints and Pa-
rameter Settings

We first tested the simulator using the CPG-based con-
troller (Fig. 7) with the same initial parameters as used
by Taga et al. [10]. This model was tested with different
settings for external drive input sg. Results showed that
walking stability becomes very critical when this parame-
ter value was changed even slightly (Figs. 9 and 10) where
so was set to 5.5 and 6.0. Fig. 11 shows the output torque
response of joints 2, 4, and 6 (left leg) when s¢ = 6.0 and
highlights events causing the robot to collapse when the
torque response of joints 2, 4, and 6 fail to generate the
required rhythmic movement.

Another factor was considered to analyze the stability
of the Taga model while it is subjected to an external force
of 200 N horizontally at the center of mass between hip
joints and for different duration when s is set first to 5.5.
Fig. 12 shows that the model maintains a stable walking
trajectory after being subjected to 200 N for 200 ms at
the beginning of 3 s after simulation starts. The Taga
model cannot continue walking after being subjected to
200 N for 400 ms at the beginning of 3 s starting simula-
tion when sg was set to 5.5.

Simulation results also show that the Taga model can-
not keep a stable walking trajectory when sg is set to 6.5
while it is subjected to an external force of 200 N horizon-
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Fig. 11. Output torque response of joints 2, 4, and 6 (left
leg) using Taga model with 5o = 6.0 during 10 s simulation.
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Fig. 12. Walking trajectory with external force applied hor-
izontally to the center of mass between hip joints for 200 ms
and with so = 5.5 for 8 s simulation with Taga model.
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Fig. 13. Walking trajectory with external force applied hor-
izontally to the center of mass between hip joints for 400 ms
and with so = 5.5 for 8 s simulation with Taga model.

tally at the center of mass between hip joints and for any
duration. The model collapsed after being subjected to the
above force for 100 ms (Fig. 14) and 400 ms (Fig. 15).

4.3. New Coupling Among Joints and Parameter
Settings
Second, we tested the simulator using our CPG-based

controller (Fig. 8), using the same initial parameters [10],
together with new weight coupling coefficients (all —0.5)
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y-coordinate [m]

x-coordinate [m]

Fig. 14. Walking trajectory with external force applied hor-
izontally to the center of mass between hip joints for 100 ms
and with sop = 6.5 for 8 s simulation with Taga model.
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Fig. 15. Walking trajectory with external force applied hor-
izontally to the center of mass between hip joints for 400 ms
and with so = 6.5 for 8 s simulation with Taga model.
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Fig. 16. Walking trajectory of developed model with so =
5.5 during 10 s simulation.

for the new connections from the knee extensor and flexor
to the ankle flexor. Taga’s initial setting was used to facil-
itate the comparison between Taga’s model and ours.
Similar tests were conducted (Figs. 16 and 17) with 5.5
and 6.0 assigned to so. Fig. 18 shows the output torque
response of joints 2, 4, and 6 (left leg) using our model
with new connections when sg = 6.0. Figs. 19-22 show
our model’s robustness when tested under external pertur-
bations. Our CPG-based model has clear advantages in
maintaining sustained, stable walking trajectories at dif-
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Fig. 17. Walking trajectory of developed model with so =
6.0 during 10 s simulation.
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Fig. 18. Output torque response of joints 2, 4, and 6 (left leg)
using the developed model with new connections so = 6.0
during 10 s simulation.

y-coordinate [m]

x-coordinate [m]

Fig. 19. Walking trajectory with external force applied hor-
izontally to the center of mass between hip joints for 200 ms
and with so = 5.5 for 8 s simulation with the new model.

ferent walking speeds while responding robustly to exter-
nal perturbations.

Test and analysis results are summarized in Tables 4-7
to direct compare Taga’s and our CPG model. O denotes
stable and X unstable locomotion. ¢y denotes the time
when the model fell and x; denotes total walking distance
at t. Final results clearly show the advantages of our ap-
proach.
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y-coordinate [m]

x-coordinate [m]

Fig. 20. Walking trajectory with external force applied hor-
izontally to the center of mass between hip joints for 400 ms
and with sg = 5.5 for 8 s simulation with the new model.

y-coordinate [m]

-0.5
x-coordinate [m]
Fig. 21. Walking trajectory with external force applied hor-

izontally to the center of mass between hip joints for 100 ms
and with 5o = 6.5 for 8 s simulation with the new model.
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-0.5
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Fig. 22. Walking trajectory with external force applied hor-
izontally to the center of mass between hip joints for 400 ms
and with 5o = 6.5 for 8 s simulation with the new model.

5. Conclusions

We have proposed CPG-based control consisting of a
network of mutually inhibited and coupled Matsuoka os-
cillators with new interconnections for generating rhyth-
mic signals that lead to dynamic, stable movement for
biped robots. Results of simulation experiments have
shown that interconnection coupling links newly added to
the CPG with its inhibitation coefficients ensured the gen-
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eration of dynamic, stable, sustained rhythmic human like
movement with robust gaits for bipedal robots at different
walking speeds. Results also show that the CPG-based
controller with new interconnections robustly recognized
external perturbations and undertook actions appropriate
for sustaining stable walking. No systematic design prin-
ciple currently determines oscillator parameter values or
efficiently assigns weight coupling coefficients between
oscillators. Our next work is thus to focus on applying
suitable learning optimizing the parameters of each neural
oscillator toward reconfiguring the coupling mechanism
in real time.
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