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Behavioral dynamics: bifurcations
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Behavioral dynamics
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Figure 6.

Model trajectories in Simulation #1 (turning rate (φ̇) vs.
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model-experiment match: obstacle
experiment
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Figure 7. Paths produced by model around obstacles located at 4◦
and 3, 4 or 5 m in Simulation #2.

increases with obstacle angle, such that the function is
continuous and there is a repellor at an obstacle angle
of zero. Unlike the goal component, the obstacle influence decreases to zero as distance goes to infinity. When
parameterized to fit the human data, these two exponentials imply that only obstacles within ±30◦ of the heading direction and less than 4 m ahead exert an appreciable influence on steering behavior. Note that the exponential terms introduce nonlinearity into the system.
Thus, the full model is:
φ̈ = −bφ̇ − k g (φ − ψg )(e−c1 dg + c2 )
!
"
+ ko (φ − ψo ) e−c3 |φ−ψo | (e−c4 do )
(a)

3

(4)

In principle, additional obstacles in the environment
(a)
can be included by simply adding terms to the equation. The model thus scales linearly with the complexity of the scene, and doesn’t blow up in complicated
environments (Large et al., 1999). Furthermore, only
obstacles near the heading direction and a few meters
ahead need to be evaluated, making the model computationally quite tractable. The agent therefore does not
need a memory representation of the entire scene; as
long as the goal location is available to the agent’s sensors, route selection is performed simply on the basis
of the obstacles within a small spatial window ahead.
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! −c3 |φ−ψo | " −c4 do
(e
)
+ ko (φ − ψo ) e

(4)

repellor obstacle heading
nciple, additional obstacles in the environment
e included by simply adding terms to the equaThe model thus scales linearly with the complexWarren…]
the scene, and doesn’t [Fajen
blow up
in complicated
Figure 4.

Plots of (a) goal angle term, (b) goal distance term, (c) obstacle angle term, and (d) obstacle distance term from

using a least-squares analysis, as the four parameters
were systematically varied. The best fit (r 2 = 0.982)
was found with parameter values of b = 3.25, k g =
7.50, c1 = 0.40, and c2 = 0.40. Using these settings,
the model produced paths to the goal that were virtually identical with human subjects (Fig. 5), turning at

model exhibits both a good quantitativ
fit to the human behavior observed i
and 2.
Simulation #3: Route Selection
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in the direction of the local force, traverse a short linear segment, stop, reorient, etc. The details of the paths
resulting from this method would differ from those we
show here, but will be qualitatively similar.
Path 1 shows the trajectory generated by the potential
field method, and path 2 (which is almost a straight
line) that generated by the dynamical model. In this
simulation, the agent moved with a constant translation
speed of 0.5 m/s for both methods. Path 1 has a length of
7.55 meters and was traversed in 15.1 seconds, whereas
Path 2 was only 6.70 meters long and was traversed in
13.4 seconds. We also implemented the potential field
method in a research robot (RWI B21r indoor robot)
and we note that the software simulations closely reflect
the actual trajectories observed.
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Spaces for robotic motion planning
x = f(θ)

kinematic model

inverse kinematic model θ = f −1(x)
564

transform end-effector
to con guration space
through inverse
kinematic
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problems of singularities
and multiple “leafs” of
inverse…
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·
Author'
·x = J(θ)
θ
·
θ = J−1(θ)x·

C. Faubel, G. Schöner

[Murray, Li, Sastry1994]

Forward kinematics
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Figure 3.2: A two degree of freedom manipulator.
2

where is the hand, adjacent frames:
given the joint angles..

x = f(θ)

l1
θ1

gst (θ1 , θ2 ) = gsl1 (θ1 )gl1 l2 (θ2 )gl2 t .

The mapping gst : T2 → SE(3) represents the forward kinematics
manipulator: it gives the end-effector configuration as a function
joint angles.
This procedure is easily extended to any open-chain mechanism
1i ) as the transformation
1
2 between 1the adjacent
2 link f
define gli−1 li (θ
then the overall kinematics are given by

x = l cos(θ ) + l cos(θ + θ )

y = l1 sin(θ1) + l2 sin(θ1 + θ2)
gst (θ) = gsl1 (θ1 )gl1 l2 (θ2 ) · · · gln−1 ln (θn )gln t .
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Workspace / Singularities
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Figure 3.6: Workspace calculation

Redundant kinematics
use pseudo-inverses that minimize a
functional (e.g., total joint velocity or
total momentum)
·x = J(θ)θ·
·
θ = J+(θ)x·

J+(θ) = JT (JJT )−1

·2
minimizes θ
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range space
motion

pseudo-inverse
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Timing

generate movements that are “timed”, that is
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the are coordinated across different effectors
the are coordinated with moving objects (e.g., catching
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Conventional robotic timing

Chapter 9. Trajectory Generation
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Third-order Polynomials A convenient form for the time scaling s(t) is a
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Coordination from coupling

3.2.

Dynamic Timing Models
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activation

Coupling is the central
concept for understanding relative timing
coordination=stable
relative
timing models. Mathematically, two dynamic timers, (u 1 , v 1 ) and (u
timing
emerges from coupling
ally coupled if the dynamic variables of one timer contribute
time to the dy
of
neural
oscillators
of the
second
and vice versa. For the Amari oscillator model presen

(6) and (7)], for instance, a simple form of mutual coupling is genera
carrying the coefficient, c, in these equations:
d /dt = f( )

τu̇ 1 ! "u 1 # h u # w uu f (u 1 ) " w uv f (v 1 )
phase neutrally
stable

phase
stabilized
by coupling

τv̇ 1 ! "v 1 # h v # w vu f (u 1 ) # cf (u 2 )
τu̇ 2 ! "u 2 # h u # w uu f (u 2 ) " w uv f (v 2 )
τv̇ 2 ! "v 2 # h v # w vu f (u 2 ) # cf (u 1 )

These are only two out of a great variety of possible coupling terms. T
[Schöner: Timing, Clocks, and Dynamical Systems. Brain and Cognition 48:31-51 (2002)]
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Note that there are other ways to define the matrix
Open-chain
manipulator
ij (θ, θ̇)θ̇j = Γijk θ̇j θ̇k . However, this particular cho
roperties which we shall later exploit.
(4.21) can now be rewritten as
M (θ)θ̈ + C(θ, θ̇)θ̇ + N (θ, θ̇) = τ

centrifugal
activ
inertial
gravitational
he vector
of actuator
torques
and
N
(θ,
θ̇)
includes
coriolis
torques
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ther forces which act at the joints. This is a secon
ential equation for the motion of the manipulator as
applied joint torques. The matrices M and C, whic
nertial properties of the manipulator, have some im
hich we shall use in the sequel:
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generate joint torques that produce a
θd
motion…
matrix C desired
the Coriolis
matrix
for the manipulator; th
s the Coriolis
force terms in the eq
= θ centrifugal
− θd
error θeand

Note that there are other ways to define the matrix
·
Ki particular
θe(t′)dt′
. KHowever,
this
cho
= control
Γijk θ̇j θ̇τk=
pθe + Keθd +
ij (θ, θ̇)θ̇j PID
∫
roperties which we shall later exploit.
=> now
controlling
joints independently
(4.21) can
be rewritten
as
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M (θ)θ̈ + C(θ, θ̇)θ̇ + N (θ, θ̇) = τ
˙

Human motor control
posture resists when pushed
=> is actively controlled =
stabilized by feedbac

force applied

invariant characteristi
antagonist

one lambda per muscle
co-contraction controls stiffness

c


k


 


agonist

10

based on spinal
re exes

10

stretch re ex

fl

fl

[Kandel, Schartz, Jessell, Fig. 37-11]

