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Abstract
Motion capture is widely used for character animation.

One of the major challenges of this technique is how to
modify the captured motion in plausible ways. Previous
work has focused on transformations based on kinematics
and dynamics, but has not explicitly taken into account the
emerging knowledge of how humans control their move-
ment. In this paper, we show how this can be done using
a simple human neuromuscular control model. Our model
of muscle forces includes a feedforward term, and low-gain
passive feedback. The feedforward component is calculated
from motion capture data using inverse dynamics. The feed-
back component generates reaction forces to unexpected ex-
ternal disturbances. The perturbed animation is then resyn-
thesized using forward dynamics. This allows us to create
animation where the character reacts to unexpected exter-
nal forces in a natural way (e.g.,when the character is hit by
a flying object), and still retain the quality of the captured
motions. This technique is useful for applications such as
interactive sports video games.

1 Introduction

Motion capture is widely used today for realistic and
stylistic human animation. However, the amount of motion
we can capture does not meet our needs. In applications
such as sports video games, the lack of variation between
similar motions, or the lack of changes due to novel situa-
tions greatly reduces the sense of reality.

Dynamic simulation can generate responsive online mo-
tions. However, human simulation still lacks realism. We
believe this is primarily due to the lack of human motion
control models, and not to inadequacies in physical mod-
elling. After all, an industrial robot obeys the same laws of
physics as a human, and also moves in a physically plau-
sible way. Its motion does not look “human” because its
motors and control algorithms are different from those of
humans.

Dynamic simulation is also expensive, not because of the
cost of dynamics computations (which is reducing rapidly
due to Moore’s law), but due to the difficulty of creating
realistic dynamic models and controllers. One approach to

creating realistic motor control is to manually design mo-
tor controllers for various motor skills. This turns out to
be even harder than keyframing animation. The problem
would be reduced if at least part of the control could be es-
timated from motion capture data.

This situation suggests we should explicitly take into ac-
count human motor control mechanisms for human charac-
ter simulation. One way is to directly learn motor control
mechanisms from the motion capture data, which encapsu-
lates much knowledge of how humans control their move-
ments, as well as rich style information. The other possibil-
ity is to borrow research in human motor control from neu-
roscience, biomechanics and other related movement sci-
ences. Human movement control is still an active and con-
tentious research area of its own, the mystery of which is far
from being completely revealed. Nevertheless, even simpli-
fied models and general principles of human motor control
can be useful in increasing the realism of computer anima-
tion.

We propose a method of incorporating a simple human
neuromuscular control model into dynamic simulation sys-
tems. Original motion capture animations can be modified
adaptively, according to small unexpected disturbances aris-
ing from a dynamically changing environment.

2 Related Work

Highly skilled specialists have successfully designed
motor controllers for dynamic human simulation by
hand [12]. Such controllers are composable using machine
learning techniques [7]. Incorporating motion capture into
dynamic simulations makes the control problem easier to
solve, which, in its simplest form, directly uses a tracking
controller connected to a motion capture device [25].

Spacetime constraints (SC) [24, 8, 19] put the motion
editing problem into a constrained optimization framework.
SC combines kinematic keyframimg (space constraints)
with dynamic simulation (time constraints). Conceptually,
a constrained optimizer is used as the motor controller. Mo-
tor learning techniques [20, 10] for physically based ani-
mation lead to the discovery of motor controllers for basic
motion tasks, such as locomotion. Body configuration and
evolution/optimization criteria are provided by the user. It



is unclear how one could introduce explicit motion control
knowledge into this framework for more complex behav-
iors.

To our knowledge, the work most similar to ours in Com-
puter Graphics is [26]. We will differentiate our work from
theirs after we discuss the characteristics of biological mo-
tor control systems in the next section.

3 A Biologically based Motor Control Model

One fundamental fact of biological motor systems is
that neurons, and especially the chemical synapses between
them, are very slow. Therefore sensory feedback through
the periphery is delayed by a significant amount. For exam-
ple, visual feedback on arm movements ranges from 150-
250ms. Even a spinal reflex loop involving as few as three
neurons can take on the order of 30-50ms. These are very
large delays when compared with the total movement du-
ration of very fast (150ms) to intermediate (500ms) move-
ments [15]. Such delays can result in instability when trying
to make rapid movements under high-gain feedback control.
Therefore, high-gain feedback controllers which are widely
used in robotics and control engineering are unrealistic for
biological systems.

During the last decade, it has become increasingly ac-
cepted that the brain utilizes internal models of dynamics in
planning and controlling motion. The internal model theory
proposes that the brain needs to acquire an inverse dynam-
ics model of the object to be controlled through motor learn-
ing. After, motor control can be executed using feedforward
muscle forces, in an almost open-loop manner [15, 17].
This explains why our movements show highly stereotyped
and stylized patterns, although almost any task can, in prin-
ciple, be achieved in infinitely different ways. This also ex-
plains the observation that well-trained movements exhibit
relatively low joint stiffness, while during motor learning
the stiffness is higher. Therefore, speed and accuracy are
lower due to lack of good internal models [9].

The intrinsic mechanical properties of muscles and ten-
dons produce proportional (stiffness) and derivative (vis-
cosity) feedback forces without delay [11]. Our model
uses this muscle property as a low-gain feedback controller
to stabilize the limb along the desired trajectory. Muscle
force-length relationships can be quite complex, but it is
well known that muscle stiffness increases with generated
force [23]. A simple model of this non-linear relationship is
the so-called bilinear model of muscle impedance [13, 22].
This model implies that effective stiffness is proportional to
neural input, and hence, to generated muscle forces. We as-
sume that muscle viscoelasticities also increase in a similar
way and are small for well-trained movements.

Figure 1 shows our reference motor control model [14,
21]. The internal model is treated as a black box whose
output is the feedforward motor command ψ and desired

Figure 1. Motor control model for motion trans-
formation upon unexpected disturbances

trajectory qd . The muscle-tendon system is driven by the
motor command and generates the force ξ . Muscle force
and external force act upon the human inertial dynamic
system and produce the actual trajectory. There are three
feedback paths: muscle-tendon feedback which has essen-
tially zero delay; spinal reflex which has 30-50ms delay;
and supraspinal feedback involving the brain stem and the
brain which has even longer delay.

Our assumption is that for short-duration-unexpected
disturbances, such as being hit by a ball, the brain has no
time to complete the long latency feedback loops and re-
plan the motion. The trajectory is restored by low-gain
muscle-tendon feedback forces. Thus, we simplify our
model by omitting the long latency feedback modules and
only consider the muscle feedback module. The muscle
feedback controller we use is a hard-wired, low-gain and
signal-dependent feedback controller. For well-trained un-
perturbed motions, muscle feedback has low gain. So we
can estimate the muscle force ξ by inverse dynamics from
motion capture data, and use ξ as an approximation of feed-
forward command ψ (section 5.1).

We now contrast our approach to that of [26], which
simulates motion capture-driven motions that hit and react.
They use a high-gain tracking controller when there is no
external impact. High stiffness parameters make the simu-
lations appear overly strong and inflexible when contact is
made. So the gains of the affected joints have to be reduced
explicitly to allow the dynamics of the impact to influence
the motion in a natural manner. Their high-gain tracking
controller is similar to what is used in robotics. Based on
all the previous discussions, we know that biological sys-
tems use a feedforward controller to do most of the work,
and only use low-gain feedback to deal with neuromuscular
noise. Upon perturbation, the muscle stiffness actually in-
creases instead of decreasing, due to the stretch reflex (the
most important and most studied spinal reflex [14]). Based
on the fundamental characteristics of biological systems, we
use feedforward forces plus low-gain feedback, which need
only correct simulation drifts. Upon perturbation, simple
muscle stiffness models can already cope with reactions and
restorations fairly well, without a manually designed gain-
scheduling controller, as used in [26]. Finally, our system
simulates perturbations in real-time, while [26] is an off-line



system (at time of publication).
In general, impacts and other disturbances to the upper

body may require lower body motion to change as well, to
maintain balance and posture. [26] demonstrates how the
lower body can be controlled separately by a balance con-
troller that tries to keep the center of mass within the support
polygon at all times. Our motions are very dynamic and ath-
letic (i.e., football), and involve dramatic foot movements,
so we cannot adopt the above approach directly. For such
motions, maintaining balance in a “human-like” way, close
to the quality of the original motion capture data, remains
an unsolved problem.

4 Dynamic Simulation of Mocap Data

We develop a general-purpose rigid body simulation sys-
tem, and extend it to meet the requirements of motor con-
trol [4, 5]. The simulator is fast enough to simulate the dy-
namics of our 54 DOF (degrees of freedom) character in
real time. Our simulator is based on a Lagrange multiplier
approach for computing constraint forces, inspired by the
work of Baraff [3]. We extend this approach by allowing
the simulator to solve both forward and inverse dynamics
problems. We also introduce some new matrix notations
that we use to describe the muscle forces, and include them
in our equations of motion. Contact is managed as a linear
complementarity problem. Since it is not directly related to
motor control, we refer the reader to [4] for details.

Combining the constraint equations with the Newton-
Euler equations of motion gives us the following matrix
equation:

[
M −JT −HT

J 0 0

]a
λ

τ

 =
[

fext
0

]
(1)

Here M is the mass-inertia matrix of the bodies in the sys-
tem (a block diagonal matrix with each block correspond-
ing to one body), J is the constraint Jacobian, H is a ma-
trix whose rows span the space of possible muscle forces.
a is the acceleration vector of the bodies, λ is a vector of
Lagrange multipliers, τ is the corresponding set of mus-
cle force multipliers, and vector fext contains external forces
such as gravity and coriolis forces.

Equation 1 is a unified expression that is true for both
forward and inverse dynamics. We can rearrange this equa-
tion to reflect the known and unknown values in these two
types of problems. Details can be found in [4, 6].

4.1 Forward Dynamics

In forward dynamics, the muscle force multipliers τ are
known quantities. Moving HT τ to the right hand side of

equation 1, and then discretizing gives[
M −JT

J 0

][
vt+h

λ

]
=

[
Mvt +hk

0

]
(2)

where h is the time step size, vt and vt+h are the velocity
of the rigid bodies at time t and t + h, and k = fext +HT τ .
Solving this equation at each time step gives us the updated
velocity of the system.

To counteract drift at the joints due to numerical error,
we use a post-step stabilization scheme [2, 5], where after
each simulation step we make a small correction to the po-
sition of the bodies so that the constraints are maintained.

In order for the techniques in this paper to work for
large time steps and achieve real-time simulation, an im-
plicit integrator is essential. We use an implementation of
the linearly implicit time stepping method [1]. Fortunately
this requires only small modifications to an explicit integra-
tor. The main requirement of this implicit method is that
we must calculate the gradients of the stiff forces with re-
spect to changes in the position and velocity of the rigid
bodies. We calculate them using automatic differentiation
techniques [18].

4.2 Inverse Dynamics

Inverse dynamics is the process of finding a set of forces
that explain a given motion. The inverse dynamics equa-
tions we solve are another form of equation 1. We move
Ma to the right hand side of the equation (because the ac-
celeration is a known quantity). Assuming the constraint
equations Jv = 0 are satisfied by the given motion, we no
longer need the second row of equation 1. We are left with[

JT HT ][
λ

τ

]
= Ma− fext (3)

If we can estimate the mass properties of the bodies of
our articulated figure, along with the accelerations of its
component bodies, then equation 3 can be solved to deter-
mine the muscle forces multipliers τ .

5 Integrating Motor Control with Dynamic
Simulation

The integration of our motor control method with dy-
namic simulation consists of two main components. The
first is a preprocessing stage, where we use inverse dynam-
ics to estimate the feedforward torques from the motion cap-
ture data. The second component, which happens during the
dynamic simulation, is the calculation of the actual muscle
torques, which are a combination of the precomputed feed-
forward torques, and feedback torques which depend on the
difference between the trajectories of the rigid bodies in the
motion capture and the trajectories in the dynamic simula-
tion.



5.1 Inverse Dynamics Preprocessing

Before beginning our dynamic simulation, we estimate
a set of feedforward muscle torque multipliers τ for each
time step. Given the mass matrix M, the constraint jaco-
bian J, the matrix H, the external force vector fext , and the
acceleration a, we can calculate τ using equation 3.

We can estimate the accelerations of the rigid bodies in
each frame by fitting a cubic spline to the position data, and
then finding the second derivative of the curve.

One problem in evaluating equation 3 is that the mass
properties of the character’s component rigid bodies are un-
known. We deal with this by approximating the shape of the
character with polyhedra and computing the mass matrix
for these, assuming the density of water (the body’s average
density is reasonably close to that of water).

A substantial problem is that we do not know the ground
reaction forces for the full body motions we capture. For
this reason, and because maintaining balance during highly
athletic motions remains an unsolved problem, we simply
constrain the root joint to move along the motion capture
path. We can thus omit the contact dynamics with the floor.

Using equation 3, we precompute feedforward torque
multipliers for each of the frames in the animation before
beginning the forward simulation. The total feedforward
torque is given by HT τ . The dimension of τ is the sum of
the degrees of freedom, which we denote with n. For the
next section, we need to break this down into smaller com-
ponents τ1, ...,τn, each of which corresponds to one DOF of
the joints.

HT
τ =h1τ1 +h2τ2 + . . .+hnτn (4)

We store τi’s instead of hiτi’s, because the orientation of
the joints with respect to the world, that is, hi’s, may be
different in forward simulation than in the original motion
capture animation.

5.2 Combining Feedback and Feedforward
Torques During Forward Simulation

Individual feedback torques are calculated for each DOF
of all of the joints. Let θ1,θ2, ...θn be joint angles corre-
sponding to each DOF, and θ̇1, θ̇2, ...θ̇n be joint velocities.
The joint angles θd1,θd2, ...θdn are the “desired” joint an-
gles – the joint angles from the motion capture data.

The feedback torque tries to compensate small drifts
and disturbances during the simulation. It is given by
γi = hi|τi|

(
ksi(θdi − θi) + kdi(θ̇di − θ̇i)

)
. where ksi and kdi

are the stiffness and damping constants for each DOF. The
measurement of these parameters has been conducted in
biomechanics for quite some time [16], yet a lookup table
for humans is still unavailable. Luckily, we do not need high
accuracy for animation purposes. Basically, we experimen-
tally determine only one pair of these constants, and scale

other gains according to the moment of inertia of the chain
of bodies affected by that joint [26]. Note that the stiffness
is proportional to the magnitude of the muscle torque multi-
plier, |τi|, as observed empirically in muscle biomechanics.

The feedforward torques are computed by ψi = hiτi. The
total muscle torques are given by the sum of the feedfor-
ward and feedback torques: ξ = ∑

n
i=1(γi +ψi). The muscle

torques are added into the dynamics equation along with
any other external forces, such as gravity.

6 Results

The skeleton model we use in our simulation and ren-
dering has 54 DOF in total. The kinematic root is a joint
located roughly at the Lumbosacral angle of the spine.
The dynamic simulation runs in real-time on a dual-CPU
(1.78 GHz Intel) machine when there is no contact, or when
there are simple contacts. The frame rate drops a little bit
when complex contacts happen. We also employed hard-
ware rendering techniques to off-load the graphics render-
ing from CPU to GPU.

We perform perturbation experiments on captured arm
motions as well as full body motions from football games.
In both cases, the simulated skeleton responds to external
disturbances and restores itself to the original motion natu-
rally. Figure 2 shows motion perturbation on a sequence of
full body motion.

7 Conclusions and Future Work

Motor control is one of the major challenges in physi-
cally based human simulation. To our knowledge, this pa-
per is the first work that tries to address this problem by
explicitly incorporating human neuromotor control models
into a human simulation system. We test our approach with
motion perturbation tasks on motion capture data, and the
results are promising.

The main limitation of this work is that the implemented
motor control model is currently very simple: spinal and
supraspinal feedback pathways are missing. This limits us
to only addressing disturbances that do not endanger bal-
ance, and are recoverable by muscle-tendon feedback. We
plan to address the longer latency (and also more com-
plex and less well understood) feedback pathways in future
work.

Despite the simplicity of the implemented motor control
model, animation with realistic responses to small pertur-
bations can be generated, in real time. Applications such as
interactive video games can thus benefit from an enriched
motion repertoire.

Acknowledgements: The authors would like to thank Elec-
tronic Arts for providing us with motion capture data.



Figure 2. First row: an original motion. Second row: its perturbed motion.
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