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Abstract— Humans employ context-specific internal models
for their bodies and the world around them. They learn them
through embodiment in the environment, by gathering data in
a task-specific way. Similarly, robots operating under human-
like task constraints must have the ability to accommodate
situations unknown to their designers. We demonstrate a
method for the Anatomically Correct Testbed (ACT) robotic
hand to use task-relevant data to build a reduced-dimensionality
controller tailored to that task. The robotic hand encounters
a novel task and models the combined dynamics of robot
and environment. This is achieved without additional model
complexity, and without prior knowledge of the task. We show
the utility of this approach for playing a piano key, attaining
a single-key trill at the maximum speed allowed by the piano
dynamics. This task is chosen because it is relatively simple from
a kinematic perspective, mostly involving flexion-extension, but
is quite complex from a dynamic perspective, including a
contact transition.

I. INTRODUCTION

Robotic hand research has led to a variety of approaches to
enable manipulation capabilities, but has been limited by the
complexity of system and task demands. The best-performing
robotic hands are still limited to specific hardwired tasks and
require controlled environments.

Neuroscience researchers have uncovered aspects of how
humans are able to perform multiple tasks, learn new tasks
through experience, and make use of the rich complexities
of the hand. This knowledge can be used to control robotic
hands by reducing the dimensionality of the problem and
learning task-specific dynamics through experience.

A. IMPROVING ROBOTIC HAND CONTROL

Researchers have enabled robotic hands to perform tasks
previously beyond the reach of industrial process robots,
such as high-speed object catching [1]. While this works
remarkably well for this specific task, it is hard to generalize
this technique to enable multiple complex tasks whose details
may be unknown a priori.

In order to perform a variety of tasks without changing
hardware, robotic manipulators can draw inspiration from
human hands, in both their shape and control strategies.
Researchers have attained solutions to biologically plausi-
ble hand simulations [2] [3], modeling the biomechanical
properties of tendons, muscles [4] and fingers [5].

In choosing which features to model, we must consider
the “Curse Of Dimensionality,” [6] and the tradeoff between
modeling task-significant phenomena and combinatorially
complex computational demands. The human brain appears
to use context-specific control strategies, modeling only the
features that are pertinent to that context, so this could be a
promising approach for robotic hand control as well. Studies

Fig. 1. Anatomically Correct Testbed (ACT) hand

of motor behavior indicate that humans don’t adapt a single
one-size-fits-all internal model of the body and environment,
but instead build a repertoire of movement strategies that
depend on context [7] [8] [9].

Previous work has achieved reduction of model complexity
by expert construction [10] or by fitting the full model
and intelligently pruning it down [11]. Researchers have
approached robotic walking by manually splitting the task
into two phases, with corresponding task-relevant properties
considered in controllers for each [12], or by manually split-
ting the task into simultaneous subsystems [13]. We employ
synergies, a concept developed in the study of biological
movement control, to reduce the dimensionality of the system
representation, and then we learn a dynamic model for that
simplified representation.

B. SYNERGIES

The hand is controlled by over 30 muscles and has at least
22 degrees of freedom. Complex tendon relationships create
a kinematic and dynamic situation with redundancy and
nonlinearities that can become difficult to model. Modeling
all the details is a problem with many dimensions and
the system is always changing due to fatigue and growth.
Despite this, infants start using their hands in a dynamic
way very early in their lives. This has led researchers to
search for simplifying principles that could help to explain
this extraordinary capability.

Muscle synergies are generally a tool of analysis. Re-
searchers record data from a session, sometimes general
behavior but more typically repetitions of a task, using EMG,
neural recordings, kinematic measurements, etc. This data is
decomposed into a representation that spans the manifold
of choices made in the larger space of possibilities. Basis



functions are generated by methods such as PCA and non-
negative matrix factorization [14], whether static or explicitly
including time [15] or the use of tools [16].

What simplifying assumptions make sense, given imper-
fect knowledge of future task constraints and environmental
dynamics? A simple representation of the full musculoskele-
tal system should reflect the regularities in the context of the
desired posture and task [17].

C. OUR APPROACH

We used a controller based on a synergy system approx-
imation to control only the task of playing the piano, in-
stead of the general movement problem. Embodiment of the
robotic system in the environment provided the information
necessary for synergy construction and control.

First we created synergies defined in tendon space to
gather data to make an initial estimate of task dynamics.
These synergies were derived from demonstration for this
experiment, but could be generated by any data-gathering
scheme capabable of roughly exploring the task kinematics.
This technique does not require a complete system specifica-
tion or measurement of high-level features like joint angles.

We learned a dynamics model in terms of the context-
specific synergies, and compare the results to a model-free
feedback controller, and a model built using general (rather
than task-specific) motion.

II. SYSTEM AND METHODS

A. ACT HAND

The value of a context-specific controller will be most
apparent when controlling a robot which exhibits context-
specific kinematics and dynamics. The ACT Hand (Figure
1) mimics the interactions among muscle excursions and
joint movements produced by the bone geometries and
tendon connectivity of the human hand. This mimicry results
in a high-dimensional system with the redundancies and
nonlinearities of the biological hand [18] [19].

The ACT hand uses 24 motor-driven tendons to control a
thumb, index finger, middle finger, and wrist. Each segment
of these fingers is machined using human bone data, and
is accurate in surface shape, mass, and center-of-gravity to
the human equivalent. The extensor mechanisms are complex
webs of tendons on the dorsal side of the fingers, and are
crucial for emulating dynamic human behavior [20]. As each
tendon is pulled by a motor, it is routed through attachment
points mimicking human tendon sheaths and following the
contours of the bones. Since these bone shapes are compli-
cated surfaces, the effective moment arm the tendon exerts
on the joint varies with joint angle [21].

In a tendon-driven system like the human hand, each
tendon must pull and not push, and therefore require n+ 1
tendons to fully actuate n degrees of joint freedom. Even with
this requirement, the joints of the human (and ACT hand) are
redundant. For instance, there are six tendons controlling the
four degrees of freedom of the index finger. Three of these
tendons are relatively simple: one is an extensor and two
are flexors, attached to different segments but having only a

I B K F1 F2
Finger 0.5445 114.52 510.46 402.2 -195.8
Task 0.5763 168.46 6284.4 1348.7 -315.09

TABLE I
MODEL PARAMETERS: INERTIA (I), DAMPING (B), STIFFNESS (K), AND

FRICTION IN THE POSITIVE (F1) AND NEGATIVE (F2) DIRECTIONS.

slightly nonlinear dependence on the state of the finger. The
situation for the remaining three tendons, however, is highly
nonlinear and state-dependent. They affect each joint very
differently depending on the posture of the finger, not just in
the magnitude of their moment arms on the joints, but even
in the direction.

B. CONSTRUCTION OF SYNERGY AND MODEL

Self-experience data was collected by demonstration. A
human moved the index finger of the ACT hand, causing it
to tap a piano key 30 times, and the resultant tendon lengths
were recorded at 200 Hz. Synergies for this experiment took
the form of linear weightings of motor activations. Given the
demonstration data, Principal Component Analysis (PCA)
revealed the dimensions which best account for the observed
variability in tendon lengths l. Using only the first component
as our task synergy, 67.3% of the variance of the session
was preserved, which is sufficient to perform the dynamic
task of tapping the piano key quickly. Note that the synergy
was constructed using only the excursions of the tendons,
and required no modeling of dynamic properties or force
measurements.

The synergy provided a vector of weights, s ∈ Rn, for
each of the n motor/encoder combinations that can be used
for reduced dimensionality state estimation and control. The
synergy angle, denoted θs, can now be considered a virtual
joint angle defined by: θs = sT l. Similarly, the synergy torque
τs acts as a virtual joint torque, such that desired torques on
the virtual joint can be achieved by calculating u= τss, where
u are the motor torques.

Whereas a muscle excursion controller would require n
simultaneously running PID controllers, the dimensionality
reduction achieved by the synergy s allows a single PID
controller to track θs using τs for actuation. However, this
method is subject to the limitations of PID control which
especially degrade performance at high speeds. Incorporating
a feedforward term that anticipates known dynamics can
alleviate this problem and improve high-speed performance.

We assumed a model of the form:

τs = Iθ̈s +Bθ̇s +Kθs +F1(θ̇s > 0)+F2(θ̇s < 0) (1)

where I, B, K, F1, and F2 are parameters expressing the
contributions of inertia, damping, stiffness, positive friction,
and negative friction respectively. Contrary to models that
consider each muscle’s effect on each joint’s motion, this
synergistic model composes together muscles and joints
according to their interactions.

The model parameters were identified for the key-tapping
synergy in two cases: 1) finger-only : the index finger was



Fig. 2. Feedforward Controller Architecture

in air, experiencing only its own dynamics and 2) task :
the index finger was moving along with the piano key,
experiencing the combined dynamics of the finger and the
piano key. During each case, the finger is commanded to
a desired trajectory of a sin wave with linearly increasing
frequency. The identified parameters are shown in Table
I. As expected, combining the dynamics of the finger and
piano together increases all parameter values, indicating
that the piano has inertia, damping, stiffness, and friction.
The presence of the piano key contributes significantly to
the system dynamics, but is not explicitly modeled with
additional model structure. Instead, the finger and piano key
are considered a single task-specific system.

C. CONTROLLERS

A proportional-integral (PI) feedback controller was tuned
for maximum performance while still guaranteeing stability.
Due to delay, noise, and actuator limitations, a feedback
controller will typically exhibit poor performance at high
speeds. Adding a feedforward term allows the controller to
work proactively, anticipating known dynamics. The con-
troller diagram in Figure 2 depicts the architecture of the
synergistic feedforward control.

D. EXPERIMENT

The experiments evaluate the three controllers: 1) feedback
only, 2) feedforward using the finger-only dynamic model,
and 3) feedforward using the task dynamic model. During
each experiment, the finger is placed on the piano key and
the controller is commanded to follow the desired synergy
angle θs,D : a sine wave of frequency increasing from 0.1
Hz to 6.81 Hz within 30 seconds, and with the amplitude of
a full keystrike. This trajectory provides uniform excitation
for the frequencies of interest, up to the maximum speed of
key release in order to differentiate the frequency responses
of each controller.

During the experiment, tendon excursions are recorded
at 200 Hz and converted into observed synergy angles,
θs,O. The synergy angle tracking error is defined as εθ =
θs,D − θs,O. Each experiment is separated into ten evenly-
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Fig. 3. A section of each controller’s response for the fast portion of the
trill (5 Hz). The traces depict the synergy angles during a representative
trial for the feedback-only, finger-model, and task-specific controllers, from
top to bottom.

spaced frequency bands and the root mean squared error is
calculated as a measure of frequency dependent performance.

III. RESULTS

As expected, the model-based controllers outperform the
simple feedback controller, and the task model outperforms
the finger-only model. Two-factor ANOVA was used to
assess the effect of controller type and frequencies ( 10
frequency bands, linearly spaced from 0.1 - 6.81 Hz, see
Figure 4 ), followed by all pairwise comparisons of con-
trollers in each frequency band, using 30 two-sample two-
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Fig. 4. Error for each controller. Feedforward performance improves for
faster movement, consistent with the dynamics model capturing properties
such as damping.

tailed Student’s t-test. The effects of alpha inflation were
mitigated using the Bonferroni Correction, choosing a family
error rate of 0.05.

The two-factor ANOVA showed a statistically significant
effect of controller on error (p < 0.001), and frequency (p
< 0.001). For pairwise differences in controller performance
for bands 3-10 (1.39 - 6.81 Hz), all tests were significant,
with the task-specific model outperforming the finger-only
model outperforming the feedback-only controller. Results
for frequencies slower than this were mixed, indicating that
the benefit of using models is only apparent for faster
operating speeds.

Figure 3 illustrates the responses of the three controllers
near the maximum speeds. The increasing benefit of using
the finger-only and task contollers can be seen in Figure 4.

IV. DISCUSSION

The improved performance of the task-specific controller
did not require additional model complexity, and was built
from a novel experience, the details of which could not
have been known beforehand. Like the human motor control
system, this allows the robot to model a novel task given
limited experiential knowledge. Such a method enables both
the flexibility and task precision required for robots inter-
acting with a unknown or changing environment. Further
development of this method is required to accommodate
multiple simultaneous task constraints or complex kinematic
situations, such as multiple fingers working in concert.

Here we demonstrate an improvement of robotic control
using neuroscience inspiration, but continued work may
shed light in the reverse direction. Since the ACT hand is
biologically comparable to the human hand, comparison of
the learning performed using particular methods may inform
the quest to understand human motor learning.
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