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With the accelerated development of robot technologies, cotrol becomes one of the

central themes of research. In traditional approaches, thecontroller, by its internal

functionality, nds appropriate actions on the basis of spei c objectives for the task

at hand. While very successful in many applications, self-ganized control schemes

seem to be favored in large complex systems with unknown dymaics or which are

dif cult to model. Reasons are the expected scalability, rbustness, and resilience of

self-organizing systems. The paper presents a self-leamj neurocontroller based on

extrinsic differential plasticity introduced recently, @plying it to an anthropomorphic

musculoskeletal robot arm with attached objects of unknownphysical dynamics. The

central nding of the paper is the following effect: by the mee feedback through the

internal dynamics of the object, the robot is learning to rate each of the objects with a

very speci ¢ sensorimotor pattern. Speci cally, an attacked pendulum pilots the arm

into a circular motion, a half- lled bottle produces axis oilented shaking behavior, a

wheel is getting rotated, and wiping patterns emerge automgcally in a table-plus-brush

setting. By these object-speci ¢c dynamical patterns, the obot may be said to recognize

the object's identity, or in other words, it discovers dynantal affordances of objects.

OPEN ACCESS  Furthermore, when including hand coordinates obtained fim a camera, a dedicated

Edited by: hand-eye coordination self-organizes spontaneously. Tlee phenomena are discussed

Poramate Manoonpong,  from a speci ¢ dynamical system perspective. Central is thededicated working regime
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1. INTRODUCTION

Citation:

Der R and Martius G (2017) . Lo . .
Self-Organized Behavior Generation Control is a ubiquitous theme of life and technology. Wheracking for a cup of co ee or

tor Musculoskeletal Robots.  Walking through the m(_)untams, ournervous system contablsnovemer_lts with great ease, despite
Front. Neurorobot. 11:8. the great uncertainty involved in controlling the musclése complexity of the task and many
doi: 10.3389/fnbot.2017.00008 other factors. That this simplicity is an illusion is seen agrsas trying to program a robot for
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doing a task. While the complexity of programming stands To introduce this paper's topics and claims, imagine that you
as a challenge for decades, in recent times consideraliet an object, a half- lled bottle for that matter, attachedthe
progress has been achieved by new materi&lsn (et al., tip of your forearm such that you can neither know orientatio
2019, powerful actuatorsRaibert et al., 2008the improved nor identity of the object. When sitting in the dark you proldgb
theory of control Giciliano et al., 2009 but in particular by  will start doing something, trying to nd out about the objest
the tremendous increase in computational power that allowgroperties. The idea is, while moving the bottle around, you fee
modeling and physically realistic simulations of very complexhe reaction from the water when hitting the walls of the bett
systems to improve planning and controMordatch et al., Intrigued by this signal and driven by curiosity, you may vérg
2012; Erez et al., 2013; Posa et al., p@End even allows direction of the shaking motion to end up with shaking paréite
to simulate large controlled muscular body systernvanjane the bottle axis, as the strongest and most coherent forgorese
and Nakamura, 20)1 or nd new perspectives for arti cial is coming from there. Without vision or any other external
evolution Bongard, 201pby exploiting super computer power. information on the attached object, motor signals are based
Also there are a variety of new control paradigms around, beshe sensor values, i.e., the muscle tensions, modulated by the
demonstrated by the amazing locomotion abilities of thetBos force responses of the subsystem's internal dynamics. Haman
dynamics robots, like BigDog, PETMAN and others. These arwill describe this as feeling the muscles (or the embodiment in
ingeniously engineered systems for realizing a specic $et general) and generating actions out of this feeling. Geheral
tasks with their highly specialized bodies. The DARPA chgken behavior is a direct result of the agent-environment couglin
also presents numerous examples of progress but also revealsese the dynamical contact between the agent, the arm wsth it
realm of failures of these systems even under remote contrdbrain,” and the attached object.
Alternatively, the so-called embodied Al recognizes tha t Similarly, with DEP learning, the self-excited motion patie
body can be very helpful in reducing both design e orts andof the arm are guided, or piloted, by the object’s internal
computational load on the controller. The exploitation of the dynamics. Speci cally, an attached pendulum drives the arm
speci ¢ properties of the body, sometimes callfedrphological into a circular motion, a half- lled bottle produces axis onied
computation (Paul, 2004; Pfeifer and Gomez, 2009; Hauseshaking behavior, a wheel is getting rotated, and wiping paste
et al., 201pis an active eld of research with many impressiveemerge automatically in a table-plus-brush setting. This is
results, se@feifer and Bongard200§ and Pfeifer and Scheier of interest for the self-organized acquisition of behaslor
(1999, opening new perspectives for both robot control and ourprimitives but there is more: as the emerging patterns areaibje
understanding of human sensorimotor intelligené&¢ifer et al., specic, we may say that the robot was able of identifying the
2012. object's identity by just the feedback through the (unkngwn
The embodied approach seems to be favored in systems witfiternal dynamics of the object. Identifying means that ceif-
strong physical e ects, like soft robotic systems or elalijica learning system responds with a speci c sensorimotor pattern
actuated robots, where the engineering approaches may ron infor each object attached to the arm. So, this is a cognitive
severe diculties. Though there are a number of interestingact closely related to the self-organized discovery of @ibs
results, for instance in employing neural learning to obtainobject a ordances, in particular for dynamical interactiorsge
goal-directed behavior, e.gMlanoonpong et al(2007j), Shim below. The observation that DEP learning elicits just these
and Husbands(201), Toutounji and Pasemanr{2019, and subtle e ects unknown so far is the central result of this
Tetzla et al. (2019 using fast synaptic plasticity as in this paper.
work, or using simpli ed spring-modelsKark and Kim, 201g Acquired with an anthropomorphic robot (arm), these
a systematic embodied approach for controlling such systemedings may also provide answers to more general questions
is not available so far. This is not a surprise, given thén human related cognitive science. Specically, while the
aim of exploiting the physical dynamics which is stronglyphenomenon of feeling the embodiment (and acting out of this
embodiment specic. In this paper we will not aim at a feeling) is easy to grasp from the subjective human perspgctiv
general solution to physics based deliberate control but wilinderstanding it from the objective scientic perspective
investigate the possible role of self-organization (SO) anbecomes very demanding. We claim that our experimental
its general phenomenology in robotics. We will devote thignvestigation with the self-learning anthropomorphic roboay
paper to systems with extended embodiment, consisting of kelp to better understand what the subjective human feslisg
Myorobotics arm connected to a physical subsystem with aand how they relate to arti cial beings so that this knowledg
internal dynamics of its own. The arm is a muscle-tendoneventually will help building machines that are in behaviorselo
driven (MTD) mechanical system with strong embodimentto humans.
eects. The controller is a one-layer feedforward neural The paper is organized as follows: In the next section we
network which may drive systems into self-organization by antroduce the DEP learning rule for the controller and give
speci ¢ learning rule—di erential extrinsic plasticity (DBRP-as a rst discussion of properties, in particular of balancing at
introduced recently inDer and Martius(2015. It was applied the edge of instability which is loosely related to the edfe o
to a number of systems in simulation producing a great varietghaos concept. We present in Section 3 the the experiments
of behavior. In a slightly modi ed form, it will face here a with the robot, Figure 3 for an overview of the experimental
new challenge with MTD systems with their strong embodimentettings andTable 1 for a list of videos documenting the
e ects. various experiments. Throughout the paper, we present di erent
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TABLE 1 | Experiments.

Title Description Section Video

Handshake Human robot interaction by manually imposing a péodic movement 3.4 Video 1 (Supplementary Material)

Arm with pendulum Suspending a weight from the tip of the armself-excitation of a 351 Video 2 (Supplementary Material)
circular pendulum mode

Pendulum responses Motors are stopped. Recording spring frces of a swinging 3.5.1 Video 3 (Supplementary Material)
suspended weight

Shaking horizontal Horizontally attached bottle, half & Response stronger, shaking 3.5.2 Video 4 (Supplementary Material)
horizontally, following the axis of the bottle

Shaking vertical Vertical attachment, half lled: shakingidection mainly along the 3.5.2 Video 5 (Supplementary Material)
(now vertical) axis

How to rotate a wheel Arm attached frontally to a revolvable d&r/wheel. 3.6 Video 6 (Supplementary Material)

Rotating wheel Il Parallel wheel—arm arrangement 3.6 Video 7 (Supplementary Material)

Wiping table Arm with brush starts to wipe a table 3.7 Video 8 (Supplementary Material)

Wiping table modes Different wiping patterns from reloadedontrollers 3.7 Video 9 (Supplementary Material)

Sensor disruptions With visual input for hand. Camera is taed during behavior. Fast 3.8 Video 10 (Supplementary Material)
reorganization

Hand-eye coordination Coordination develops, such that an follows a dummy hand 3.8 Video 11 (Supplementary Material)

The videos can be watched at http://playfulmachines.com/MyoArm-1.

methods for the theoretical analysis based on dynamicéésys
theory. Speci cally, we introduce in Section 3.5.1 the eigdune

of behavioral

An important ingredient for the intended self-excitation
modes is a controlled destabilization of the

spectrum of the linearized dynamical operator, in Section23.5 system. With a xed C, this destabilization is controlled
parametric plots for visualizing the “purity” of a behavior, in by the gain factors ; in Equation (1) which regulate the
Section 3.6 local Lyapunov exponents, and in Section 3.7 Hilbefeedback strength for each motor chanméhdividually. In the
transforms for analyzing more quantitatively the emergingexperiments we used the denitién ; D =kCk where
sensorimotor patterns. Central to the paper is the piloting e ectregulates the overall feedback strength &gk is the norm
introduced in Section 3.3 which explains how the robot mayof the synaptic vector of neuron i. The setup is displayed in
develop a feeling for the internal dynamics of an object,adse Figure 1
Section 3.6 for its relation to the concept of object a ordasice

This is followed by Section 4 discussing the ndings. Som&.1. Learning Dynamics

mathematical details are provided in Section 5 (Supplementarys we aim at self-organization of behavior, we have to defme t
control signals in a self-consistent way on the basis of thetyis
of sensor signals alone. Let us introdu«SeD Xic , the vector of

Material).

2. ROBOT BEHAVIOR AS A SELF-EXCITED
PHYSICAL MODE

The controller we propose is a function that receives at tinae
vector of sensor valuegs 2 R™ and sends a vector of motor values

the sensor values received in the next time step, whésa time

lag with D 1 in the derivations given below (time is measured

in discrete update-steps, he¥enos).

The self-organized de nition of the controller outputs is
realized in the following way. Let us postulate the existence of
a forward model given by the (possibly state dependent) matrix

yi 2 R™M. In the applications, we use a neurocontroller realized by,
A so that
a one-layer feed-forward network as
X? D Atyt C t (3)
yiDg. izl 1)
where is the modeling error. This describes the physical
for neuroni, where dynamics over one time step. Introduciig which is the inverse
or pseudoinverse ¢k we requirey to be a function of the future
X sensor valueg’
zD  Gyx 2
jD1 Yi D Mex? (4)

is the postsynaptic potential an@; is the synaptic connection Together with the destabilization, Equation (4) displays the
strength to inputj. We use tanh-neurons, i.e., the activationessential idea of our approach to make the system active while
functiong(z) D tanh(z) to get motor commands between +1 and keeping motor signals compliant with the world dynamics. In a
-1. This is also the reason why we did not include a bias term ifhis needs a regularization, i.e., in the experiments we ug =(jGjiC )
Equation (1). with > 0is very small.
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FIGURE 1 | Neural controller network connected to the Myorob otic arm. The inset on the right illustrates the synaptic plasticityute, called differential extrinsic
plasticity (DEP)[Qer and Martius, 2015. It is driven by a modi ed differential Hebbian law, multipigg the time derivatives of the incoming sensor value®with the
virtual motor values@ which are generated by the inverse model (Equation 4) froné next input's derivative®® In the case of the arm the inverse model is essentiall
a one-to-one mapping of sensor to motor values.

sense, Equation (4) means that the world's responses, repeese principle such a xed correlation pattern corresponds to any
by x° signals the controller what to do. But of course thebehavior like crawling, walking, running, hopping or the liké o
world (i.e., the future sensor vaIu&% is also controlled by the any amplitude and frequency. If the controller were su cieptl
controller through the actiony (Equation 3). The interplay of expressive and the sensor to motor mapping appropriate, any
these e ects is the ultimate reason for the self-excitatibmodes  (cyclic) mode could potentially be realized by this correlati
by self-ampli cation of system responses. learning. With the matrixM used in this paper, the spectrum

However, we cannot use Equation (4) directly for generatingf (stable) behaviors is of course restricted but the verit
the control signaly as it contains the future. So, we must nd the observed motion patterns, see below, is still interestiieg
a model for relating the future sensor signafsto their past, enhance self-organization into periodic patterns, we introel
i.e., X, X 1,::: In other words, we need a time series predictoradditional sensors which are copies of the primary sensorsreut a
for the sensor dynamics. Following the derivation in Settol delayed by a xed time-delay, see Section 5.3 in Supplementary
(Supplementary Material) we obtain eventually the update rule Material for technical details.

For the analysis in terms of dynamic systems theory to be

1GDMFET G (5) given below, we will need the dynamic operator
or in coordinate representation (omitting the time index) LD MC (8)
X
1GD Mikjék)r(? GCi (6)  which describes the mapping from stat¢o x%for the linearized
K dynamics (Jacobian of linearized system), see Sectionn5.1 i

Supplementary Material for details. The above learning rule
where©D Rkik 2, see alsigure 1 The matrixM de nes the  di ers from the DEP rule introduced irDer and Martius(2019
sensor to motor mapping which is one-to-one for normal sensorsy the normalization factok 2 introduced with Equation (6)
and negated one-to-one for the delay sensors in the expetsnenabove. In the experiments this leads to a more continuous
of this paper, see Section 5.2 in Supplementary Material, so thketivity in the behaviors avoiding potential pauses of inaitiv
sum in Equation (6) reduces to 2 terms. In genévlatan be more  In relation to our earlier work on predictive information
complicated and can be learned in a prior step. maximization (PiMax) {lartius et al., 2013there are several

In accordance with earlier workDer and Martius, 2015 we  di erences: the DEP rule uses derivatives of the sensors values
call this update rule di erential extrinsic plasticity (DERhough  for learning where PiMax uses the raw ones, PiMax requires
there is a di erence withreplaced withOas the second factor in to perform a matrix inversion of the noise-correlation matrix

the update. Equation (5) becomes stationary if which is not needed here, and nally the resulting behaviors
X obtained from PiMax get high-dimensional (in terms of atti@c
CjD Mikhigt? i (7) dimension, se&lartius and Olbrich, 201for details) whereas the
K DEP rule yields low-dimensional behaviors as we will sed&én t

. . . ) ) analysis below.
where hi::i is the moving time average. Equation (7) is an

important consequence of the update rule, showing that leayni 2.2. Properties

converges toward behaviors with a xed point in correlation The irreducible conjunction of state and parameter dynamics
space, here a xed pattern of velocity correlations in sensocreates a meta-system—formed by controller, body, and
space, corresponding to specic attractors in state space. lenvironment—uwith a rich variety of all kinds of attractofhese
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can be deliberately switched by manipulative disturbanceselations between sensor and motor signals, thereby qyamgi
creating an attractor meta-dynamic$(os et al.,, 2004 This  the closure of the sensorimotor loop, see Section 3.7.
explains why we observe so many di erent behaviors in the The nature of the dynamical system generated by the learning

experiments. rule may also be quantied by a number of methods from
complexity theory, information theory Kialek et al., 2001
2.2 1. Meta-Parameters and more evolved tools from non-linear dynamidsaptz and

Furthermore, there are three parameters in this approachand ~ Schreiber, 2004 Akin to this paper are methods for analyzing

d, which act as meta-parameters for changing the “character” ¢Mergent behaviorL(ungareIIa and Sporns, 2006; Ay et al,
the SO process. determines roughly the amplitude of behavior. 2008; Wang et al., 2012; Schmidt et al., 3@sing information
In the experiments, the appropriate value foiis easily found: (h€ory. Anew quanti cation based on excess entropy (predecti

when increasing gradually, a critical value; 1 is eventually information) and attractor dimension was recently proposed i
reached. Using > ¢ the amplitudea of an emerging motion Martlu_s and OIbnch(_ZOl?) and applied to similar self-organizing
pattern is roughlya / . for smalla. For larger the beha\.n.or as foupd in this paper. Hov_vth_er, there long trages of
non-linearities come stronger into play such that the amplitugl ~ "€Pelitive behavior where recorded in simulations to estena
never above 1. The time lag of the delay sendatstermines the €Ntropies. Unfortunately it is impossible to perform this arsasy
preferred frequency. The parametedetermines the time scale f0f the fast online leaming of the synaptic dynamics, given
for taking previous sensor values into account. This has sectth® time scale of a few seconds or minutes for the behavior
on how quickly the controller parameters are wandering arun 9€neration.

if not yet in a stationary behavior. It is advisable to haaritilar There is some pioneering work in using dynamical systems
or larger to the period of the expected behavior. theory for analyzing behavior generation by fast synaptic
plasticity. InSandor et al(2015 and Gros(2015, the interesting

o concept of an attractor metadynamics was introduced which is
2.2.2. Least Biasing close to the scenario of this paper. However, their analysigew

The implementation of the controller is explicitly given by hqinting in the right direction, is restricted so far to rathgimple
Equation (1) together with the update rule Equation (5) which

' - ) ﬁ_ﬁhysical systems in simulation, so that we did not apply it in
obviously has no system speci c components. In the experiment,;q paper. Related ideas may also be found @utounji and

we start always with the least biased initial condition, jugtthe Pasemani(2014, 2016
controller matrixC D 0 so that all actuators are in their central ’

position. A basic requirement for a “genuine” approach to SO i$ 2 4. Edge of Chaos—The Working Regime for
its independence of speci ¢ properties of the controlled SySte”Self-Organization

Obviously, this is realized here in an ideal manner by botl th A essential feature of our approach is the possibility to chose
structure qf the approach and be_ca_use ther_e is no spet_:l c_goady the parameter , the working regime at the boundary
no target signal, no platform speci ¢ informationand no biagi  penyveen stable and unstable dynamics. This working regime
may be associated with the somewhat vague “edge of chaos”
2.2.3. Theoretical Analysis concept Langton, 1990; Mitchell et al., 1993; Kau man, 1995;
It would be interesting and helpful if the wide spectrum of self Bertschinger and Natschlager, 2004; Natschlager et 5).20
organizing behavior could be given a quantitative analysis. As is known from dynamical system theory, this region is
goal oriented learning this can be done by some performanceot well de ned but is otherwise of eminent interest for
criterion, assessing the di erence between actual and oieen understanding both life and creativity in natural and axial
behavior. However, this seems not appropriate in a true selbeings. Unfortunately, with systems of the physical complexity
organization scenario like that of the present paper. Still oneonsidered here, a strict mathematical analysis of thisoreg
may ask for a profound theoretical analysis of what these.g., by global Lyapunov coe cients, is out of reach of this paper
systems actually are doing. This paper contributes to thdt tasNevertheless, in a sense, one can observe in the videosdke ed
by presenting several such measures which are partly a lbf chaos hypothesis, i.e., to live somewhere between order an
unorthodox but were quite successful for analyzing behaviofully developed chaos. In fact, on the one hand the systems reac
generated by the DEP learning rule. Central is the use ofery sensitively on weak perturbations, in particular one may
dynamical systems theory in several aspects. Speci cally, wbserve that the further development of behavior is detepdin
investigate below the eigenvalue spectrum of the linearizeoy the initial kick the system experiences or by the interacti
dynamical operatol. D MC as introduced in Equation (8), with attached objects with an internal dynamics. This extety
using it for assessing the nature, and the stability of peciod sensitive reaction to perturbations is a signature of ch&us.
motions, the prevalent modes in this paper. We use locahe other hand, see the pendulum video or the bottle shaking
Lyapunov exponents as a more quantitative concept of dynamicakperiments, the system also has a high degree of organization
system theory, arguing that they may be a rst guess for thas demonstrated by the emergence of long-lived regulatorbi
claimed realization of an edge of chaos system, see Sec@ion Bhis is the order aspect of the scenario.
below. Also, parametric plots have proven a viable tool for Developing quantitative measures for the edge of chaos eegim
visualizing the nature of behavior and last but not leastpklit may get the robotic community interested in this very rich,
transforms of the sensor signals were used for analyzing tasgh intellectually appealing, and potentially highly useful bran¢h o
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dynamical system theory based robotics. But this is a topic of
future research.

2.2.5. Platforms for Embodied Al

Finally, let us discuss on which platforms our controller is
likely to create useful behavior. First of all, the systens ha
to provide sensory feedback about acting physical forces
to make embodiment e ects perceivable by the controller
This is, for instance, not the case if all perturbations are
perfectly compensated by a low-level PID controller. Seggndl
there should be sensors reporting a similar quantity as used
to control the actuators, e.g., position sensor for positiorn
control or force sensors for force control. Additional
sensors are typically integrated into the loop if they show
a denite response (correlation) to the motor patterns. ;
Thirdly, the behaviors of interest should be oscillatory, »

Since we only need the main sensor-to-motor wiring L0 l/
information about the particular robot (which can also be
learned) and do not require any other specic information, | FIGURE 2 | Myorobotic arm (A), a single muscle elemeni(B), and a
we expect our system to work with a wide variety of dislocated shoulder(C). The dislocation happens wickedly as soon as the
machines including soft robots, but this remains for future| 'endons are geting slack.

research.

3. EXPERIMENTS translate into joint angles and into poses. Naively one could
think that control is very easy, realized by just pulling theghti

The above de ned controller was used in the experiments witlstrings (tendons) for getting a desired arm pose. Howeverjdif

a tendon driven arm-shoulder system from the Myoroboticsmuch more di cult due to a number of annoying e ects. The
toolkit (Marques et al., 20)3seeFigure 2 The system has 11 most obvious e ect is seen when tendons are getting slack so
arti cial muscles, 8 in the shoulder and 2 in the elbow andthat contact with the physical state of the arm is lost altogeth
one a ecting both. However, two of the shoulder muscles wher@his has to be avoided by keeping a permanent tension on the
disconnected. The muscles are composed of a motor windingndons, which poses another problem: The tension can only
up a tendon connected to a spring, seigure 2B The length  be achieved by tightening each tendon up against all thersthe
of a tendonl is given by the motor encoders and the springeach individual tension being reported by the spring length.

compression by which is in the interval [ ,1 ] where This means that (i) there are in nitely many combinations of
de nes pretension (here D 0.1). The length of the tendons is tension forces for a single arm pose and (ii) that the action of
normalizedtal 2 [ 1, 1]. We de ne the sensor values as a single motor will be re ected in a change of spring length
of all other muscles. In other words, actuating a single rfeusc
xiDIiC fi (9) is re ected by a pattern of sensory stimulation—a whole-body
answer.

where regulates the integration of the spring-compression. In  Furthermore, the combination of friction e ects and muscle-
the experiments, was simply set to 1 without further tuning. It pose ambiguity leads to a hysteresis e ect. After driving time a
is expected that this choice is not critical. After the inliiation, by a sequence of motor commands from pose A to pose B one
where the arm is put in a de ned initial position, all tendons ends up in a di erent pose and muscle con guration tharafter
are tightened to their pretension, and §llare set to zero, the moving back by reversing the motor commands. In generag thi
system is put into a position control mode where the controllermakes the translation of a kinematic trajectory for the amtoi
output y; de nes a target tendon length for each tendon. In themotor programs di cult, even more so if there are loads and
experiments we used the following parameter setting®: 0.5, high velocities involved. Also, the classical approach ohlagr

D 1s(Equations 1, 5), delay sensor lag: 0.5 s (Section 5.3 énmodel by motor babbling becomes problematic because action
Supplementary Material), a time distance betwaeand X’ of  cannot be chosen independently.
0.08s r D 10 3 (Equation 22), and an update frequency of the We conducted several experiments listedTable 1 which

control loop of 100 Hz. demonstrate the essential features of the control schertie. A

L. . experiments are done with the same controller with the same
3.1. Peculiarities of Muscle-tendon Driven initialization (C D 0) so that it is only the physical situation that
Systems di ers between the experiments.

There are a number of features which make the muscle-tendon We  strongly recommend consulting the videos
driven (MTD) systems di erent from classical robots with jeén  for better understanding which can be found at
under rigorous motor control, i.e., the motor positions ditey  http://playfulmachines.com/MyoArm-1.
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3.2. Self-Regulated Working Regime robot human interaction—leave their footprint in the sensor
Before presenting the experiments in more detail, let us takealues via the changing spring tension. For instance, the @m c
a look at the sensorimotor coupling that is created by ouralways be stopped by simply holding it. The reason is not that
controller. One of the crucial features is the self-regalainto  the motors are too weak. Instea®,D 0 is a xed point of the

a working regime where the tendons are kept under tension evetsynamics of the meta-system to which it relaxes if the meatan

in very rapid motions with notable loads. This is very importan degrees of freedom are frozen manuélly

as it guarantees the signals from the controller to be exeetut  Moreover, the system can be entrained by manual interaction
in a de nite way. As a result, in all experiments we never hadnto speci ¢ behaviors. We demonstrate this in the handshake
to face a shoulder dislocation, seigure 2C which may happen experiment, seeFigure 3A and Video 1 in Supplementary
promptly if tendons are getting loose. This is of some impor&anc Material, where the user is trying to move the arm in a periodic
as this sensible working regime emerges without any aduitio pattern. Besides the possibility to train a robot in this waye t
tuning or calibrating (Vittmeier et al., 201Pthe system. For most interesting point is the subjective feeling that conesua
that, the speci c sensor con guration (Equation 9) seems & b when interacting with the robot. In the beginning of such an
important, but we did not study it systematically yet and expecinterplay, the robot seems to have a will of its own as it resists
other con gurations to work as well. A more rigorous analyisis the motions the user is trying to impose. But after a short time
terms of the local Lyapunov exponents will be give in Sectién 3.the robot follows the human more and more and eventually is

below. able (and “willing”) to uphold the imposed motion by itself, see
o ) Figure 4. Otherwise, depending also on the human partner, the

3.3. The Piloting Effect. Feeling the meta-system of robot and human may “negotiate” a joint motio

Embodiment pattern which might be left if the human quits the loop. This can

In the Introduction, we presented a thought experimentbe understood by realizing that any periodic patterns creates
illustrating the main features of this work. We did not yeriga ~ xed correlation pattern in Equation (7). If the imposed pattern
out this experiment with humans, but the scenario of gettingmatch one of the stable ones, the robot is controlling thiderat
piloted by the subsystem toward activities of strongest respo by itself. In fact, in the experiments, one can well observéaha
is just what we observe with the learning arm for a series of ve “compliant” human is intrigued to follow the system as much as
di erent objects, ranging from the pendulum to the wheel to thets own intentions, ending up in an orchestrated human-miaeh
wiping a table setting. In any of those situations we could noglynamical pattern.
only observe the piloting e ect but also support it by quantiteti Training of a robot by directly imposing motions is not
analysis. Let us remember that any motion of the arm impact§ew. The common approaches generate a kinematic trajectory
on the inner dynamics which reacts back on the arm via thevhich is afterwards translated into the motor commands byl we
force response of the internal dynamics, like the water mitti known engineering methods. This method may run into some
the wall of the bottle. These force responses modulate th@sengli culties due to the peculiarities of our MTD system discusse
values (measuring the length of the tendons) and may beconig Section 3.1. With DEP learning, imposing the patterns is
self-amplifying under the learning rule as substantiateditieyy @ process of creative interaction with the system, see also the
following arguments (which still need more theoretical sugho training of wiping patterns in Section 3.7.
Point one is that these signals, though tiny, generically ina )
systematic, building correlations over space and time. Besn  3.5. Emerging Modes
are the slow swaying motion of the pendulum or the inertiaAs already mentioned above, DEP learning as formulated in
motions of the water. As the DEP rule enhances correlatigns bEquation (1) drives systems toward attractors in state space
the learning process, any systematic signal persisting deer tcorresponding to xed velocity correlation patterns in sensor
time scale of learning contributes to the correlation pattaith ~ space. The selection of a speci ¢ attractor may be realizetiéy t
an enhanced strength. In the experiments, the time scaleyset self-ampli cation of a dynamical seed, generically provitgdn
was one second, about the same as the internal dynamics ipitial perturbation from e.g., gravitational forces or bipping
the subsystems. This seems to be the main cause of the pilotitite arm.
e ect. Furthermore, the learning system was seen to be the hos )
without preferences of a wide spectrum of attractors givisgto ~ 3-9-1. Self-Excited Pendulum Modes
a kind of attractor morphing. Meaning the learning rule chasge N @ rst experiment, we suspend a weight (the bottle) from
the dynamics such that the attractors continuously charagle, the tip of the arm, se&igure 3B With the pivot point (arm)
modulated by the systematic force responses from the sudyayst at rest the pendulum may realize ellipsoidal or circular motion
In other words, the learning system has no resistance togbeirPatterns with xed frequency. In general, when considering a
piloted into a resonance with the subsystem. The piloting ke thPendulum with moving pivot it can perform chaotic motions

subsystem is the leading mechanism in the experiments destri under certain trajectories of the pivot point. With the pendaiu
in the following. attached to the MyoArm, the motions of the weight exert small

inertia forces on the arm which change the spring tensions and

3.4. ManlpUIablllty . 2This eect involves the normalization factors and fades away eoribe
The .dOmlnanCG of the physical responses makes the Systegjuiarization comes into play. After that, the system tries to mavthe global
manipulable as any externally applied forces—like a physicattractorD x D 0.
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FIGURE 3 | Experimental setups. Handshaking(A), pendulum swinging(B), bottle shaking (C), rotating a wheel(D), wiping a table (E), and hand-eye
coordination (F). All experiments are performed with the same controller.

In Video 2 (Supplementary Material) it can be séefirectly
A sensor how latent velocity correlations are being ampli ed to endinp
8:2 : i stable circular motion patterns of the pendulum. The experitnen
8.421 starts in a situation where the motor activities have sdttie
‘ rest, interrupted by occasional bursts leaving irregulatoints
:8-?} in the sensor values. As to the piloting e ect, we have to verify
0.6 that, starting with this irregular behavior, the compoundssgm
B force — p is driven into a resonance with the pendulum and that this
0.6 - 1 5 L . R
e : resonance behavior is dominated by the (tiny) force respsio$e
0.4 the pendulum. This may be supported by analyzing the time lag
8-% between measured force and driving signal (motor commands)
0.1 As shown byFigure 6A, the incipiently rather irregular phase
o1l relation is followed by a constant phase from titne 40 on. This
C output convergence to a stable mode is also seen by the time evotition
the controller matrixC, seeFigure 6C
0.5} Let us consider here, as a further bit of analysis, the eglerv
B spectrum of the dynamical operattrD MC, which has proven
! very useful in this work. Actually, if the system would obeg th
-0.5 ' linearized dynamics, any cyclic behavior should be re édig
' the existence of a pair of complex eigenvalues. There might be
FIGURE 4 | Handshake experiment. (A) sensor valuesx, (B) forces f, and more of such pairs if there are di erent frequencies involved.
(C) motor valuesy for channels 1 and 5. Events: 6 s: operator is grasping the Though questionable due to nonlinearities and de cienctthe
arm and starts-thg handshake; 21.5: freez‘ipg of parameters @release at - linear operator, this analysis may yield reliable resultseas $n
31s. 35.5s: bringing arm into restlng po§|t|0n| |t_stays thee until 37's where it the pendulum cas&igure 6Bclearly displays just such a pair of
got perturbed. See also corresponding Video 1 in Supplemeriry Material. . ; )
eigenvalues with absolute value (not shown) a little abawe o

All other eigenvalues have a absolute value signi cantlglin

than one which makes the corresponding modes short flved
thereby leave a footprint in the sensor values. To illustrate t The latter point was investigated in terms of the local Lyapuno
point, Figure 5 displays the sensor reading for the swinging3 - - ‘
pendulum with the motors being stopped. While being tiny, theseNote that later in the.expenment,lthe'strlng of the pendulum was ghet! such
reactions are systematic, leading to the self-excitatfsaspnant that a di erent sensorimotor coordination emerges.

y s g . . X “This is true in particular for the other complex eigenvalue with roughyf the

modes according to the piloting e ect described in Section 3.34ue, apparently belonging to a subharmonics but this still needs soore
above. analysis.
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convergence is (roughly) reached where the dynamics gets mo

stationary. Any perturbation or change in conditions leadsih

— adjustment of the controller, always aiming for a mode where
5 high velocity correlations appear.
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oo : o A 3.6. Rotating a Wheel | _
o o 20 30 tme sl A further example for the piloting mechanism (Section 3.3)
and the discovery of dynamic object a ordances (as discussed
FIGURE 5 | Force measurement with static arm.  Displayed are the force below) is the robot arm connected to a wheel, §égure 3D.
measurements with swinging bottle but without active arm meements for In Der and Martius(ZOlE}, the emergence of rotational modes

muscles 2, 3, 4, and 9 (for clarity). Dotted lines indicate wén the bottle was . . . P
. ) ) o : . was demonstrated for a humanoid robot with revolution jant
manually set into motion and at dashed lines it was stopped, se Video 3 in

Supplementary Material. and in simulation. With the MyoArm, we have a much more
challenging situation. In the experiments, the tip of the aisn
attached to the crank of a wheel, implemented as a revolvable
exponents, see Section 3.6 below, for remarks on that methdaar with weights for giving it the necessary moment of ingrti
Apart from identifying the oscillatory modes, this eigenval In Video 6 (Supplementary Material), initially the connection
analysis also con rms the substantial dimensionality retion ~ between the arm and the wheel was rather loose so that for

which is also known as a signature of self-organization. small movements there is no de nite response from the rotatio
of the wheel. After improving this connection, an initial push
3.5.2. Bottle Shaking Modes by the experimenter was su cient to excite a rotation mode

In a next series of experiments we attached a bottle lled withthat persists over time and is stable under mild perturbations
some liquid to the tip of the arm in either horizontal or vectil It is as if the controller “understood” how to rotate the whee
orientation, seeFigure 3C These experiments are meant toalthough it is just the result of force exchange in combioati
support our hypothesis on the piloting e ect, i.e., that, underwith correlation learning, i.e., by the mechanism desdilie
the DEP learning rule, the emerging motion patterns are delne Section 3.3. When positioning the wheel in parallel to the arm,
eventually by force responses of the subsystem. With théebottthe modes were emerging even more readily as seen in Video 7
the force response is solely generated by the internal mstidn (Supplementary Material). Furthermore, the system may be
the water, i.e., when the water is hitting either the wallsap t changed in frequency by changing just the time-delag shown
and bottom of the bottle. Similar to the pendulum, startinghvi earlier (Martius et al., 2016
spontaneous movements, the arm soon reaches an oscillatory For an analysis, we may use here the method of local Lyapunov
mode with strong force answers. In the experiment, the enmgrgi exponents, given by the eigenvalues of the dynamical operator
shaking motions are indeed more or less aligned with the axis D MC transforming sensor statesto x°under the linearized
orientation of the bottle, see Videos 4, 5 in Supplementarglynamics.Figure 8A displays the results. The point of interest
Material, in correspondence to the piloting e ect. are the two largest exponents which are slightly above zero.

We also performed a more quantitative analysis by usinghey represent the rotational mode. Being above zero meas th
parametric plots to characterize the state dynamics. Orientethey are actually instable which was to be expected given the
at the arm's geometry, we identi ed two pairs of motor valuesslight destabilization of the system controlled by the pagten
(y1,y3) and (ys,¥9) Which are expected to be discriminating . However, the system dynamics is kept from exploding by the
the direction of the arm movement, i.e., to have dierent nonlinearities so that the rotation modes are stable bubtiker
phase relations for the horizontal and vertical arm moversent modes have to die out, i.e., their Lyapunov exponents have to be
respectively. When plotting the time course @f,(y3) and (ys,yo)  below zero. It is also illustrative to consider the absolutengje
inthe plane, xed phase relations translate into typical elligab  of the controller matrix as displayed iRigure 8B (top). At the
gures. In Figures 7C—Fwe compare the phase relation for the beginning of a new mode the changes are large and then settle t
horizontal and vertical setup (violet and orange line, respely)  a background level. When, for instance, the rotation is ety
for two behavioral modes (sdégures 7A,Bfor the time course changed (second 40 and 71) then again a high rate of change is
and intervals) and indeed nd that they are di erent and often observed. The coupling of the sensors to motors also changes
orthogonal to each other. The emerging motion pattern isqualitatively between the modes as illustrated at the example of
determined by the axis direction of the bottle, with the ridae  motor 6 in Figure 8B (bottom).
forces of the water as the only information for that directio The constitutive role of the body-environment coupling is@l
Metaphorically, the robot can “read” the information aboutth seen if a torque is applied to the axis of the wheel. Through this
nature of the environment by just getting into dynamical ¢tact  external force we may give the robot a hint of whatto do. When i
with the latter in a completely self-organized way. the uctuating phase, the torque immediately starts the tiota

In Figures 7G,Hwe present the time evolution of the matrix which is then taken over by the controller. Otherwise, we also
elementsCgj representing the connection to the motor unit 3. “advise” the robot to rotate the wheel in the opposite direction
As starting from the zero-initialization, one can see hovstr This can be considered as a kinesthetic training procedure,
correlations build up due to the dynamics of the matrix  helping the robot in nding and realizing its task through dict
(Equation 5). The following behavior is highly transienttiin mechanical in uences.

Frontiers in Neurorobotics | www.frontiersin.org 9 March 2017 | Volume 11 | Article 8


http://playfulmachines.com/MyoArm-1/#vid:bottle:force:measurement
http://playfulmachines.com/MyoArm-1/#vid:wheel:frontal
http://playfulmachines.com/MyoArm-1/#vid:wheel:parallel
http://www.frontiersin.org/Neurorobotics
http://www.frontiersin.org
http://www.frontiersin.org/Neurorobotics/archive

Der and Martius Self-Organized Behavior Generation for MusculoskeletaldRots

A
T T T T T T T o
! & o e T T 102 -
s ¢ o0 o7 e '."' 10.1 ® 42
KA o
* 3 ..0:. e ®°o° 2 & 0. ® +3
1.5+ ‘ 101 ® +4
LF : 1-02 ‘8
l 3 '\ +6
‘ it \j\l\ 7
i L \' ‘ +
' L 0 . s
T LU ALALRMARLLL | L
_0.50 ® [ ) (] ® [ ) Lo | ® 49
0 10 20 30 40 50 60 time[s]
c —fh T -» ® &fiop
1 1M 1 1M 0.4
| | " l L} B g i |
5 "h 5% me | 51 R 5%t 0.0
[ ] L L ‘ [ ] | | 5 9 N
9 ] 9 | 9t L] 9 L] t L L
5 10 15 5 10 15 5 10 15 5 10 15 5 10 15 5 10 15 5 10 15 .—0.4
FIGURE 6 | Pendulum modes. See Video 2 in Supplementary MaterialA) Force sensors and control signal of muscle 3 and their time ta The measured force
(spring compression) and the control signay (desired tendon length) follow a similar trajectory with wierted sign (note y). The time lag (right axis in seconds)
between force and motor value (same result for other musclgsndicates that initially the control and the environmentan uences are not in sync whereas in the
swinging mode (from 33 s on) a stable phase/time-lag relatiors observed. (B) Displayed are the absolute imaginary parts of the eigenvads of the linearized system
dynamics (JacobianL, below Equation 5) (averaged over 1s) and cumulatively pted (1,1C 2,1 C 2 C 3,...). During the pronounced oscillation between 35 and 68
there is one pair of dominant complex eigenvaluegC) Corresponding controller parameterC at the seconds 10, 20,:::, 70 (from left to right) as indicated by the
black dots in (A). At second 66 the string of the bottle was shortened causingtie mode to break down immediately, see Video 2 in Supplementy Material.

Finally, these results can also be of interest for eluaidetie The analysis of the dynamics during this experiment revealed
spontaneous discovery of object a ordances. Followiigson thatthe wiping patterns where not stationary as it appearedn th
(1977 theory of aordances, object aordances are de ned video, but are actually slowly drifting. We devised a method t
as a relation between an agent and its environment througlkuantify such high-dimensional oscillatory behavior.dnsiders
its motor and sensing capabilities (e.g., graspable, maovablbe phase di erence between the di erent degrees of freedom.
or eatable and so on). In this sense, in the same way asFar each oscillatory signal we can associate a phase vahable t
chair a ords sitting or a knob a ords twisting, the wheel in continuously runs from  to using the Hilbert transform.
our experiment a ords rotating it, the bottle a ords shaking Now we can compute the phase di erence between the signals
and pouring and so on. This is of immediate interest forfrom di erent sensors, for instance. Post-processing is appled t
embodied Al as aordances are prerequisites for planningavoid unnecessary 2phase jumps and to smoothen the signal
complex actions. Because our controller generates dynamic afor better visibility.
typically oscillatory movements it can only discover dynami  In a stable oscillation, the phase dierence should stay
a orcances, such as shaking, turning etc. but will not nd $tat constant over time. InFigure 9A, these phase di erences are

ones such as sitting on a chair or leaning against a wall. presented for the wiping experiment. One can see that already
before manual interaction, the meta-system is in a transient
3.7. Wiping behavior, with changing phase relations slowly over time. We

In the case of the wheel setup, above, the embodiment stronghjterpret this as a wandering through the metastable cyclic
constrains the possible motion patterns. In the next setup thattractors induced by the learning dynamics. We may also
agent-environment coupling imposes a much milder restrictio call this a self-induced attractor morphing. During intetan

on the behavior: the robot is equipped with a brush and a tablésecond 11 onward) the changes are initially stronger, fgdint

is placed in its work-space, s€égure 3E The table height is later. After releasing the arm (second 22), behavior perkista
about 5cm above the initialized resting position. Video 8 infew seconds and then is again drifting away. The correspandin
Supplementary Material demonstrates how, by the combinatiogontroller matrices also show a signi cantly di erent struce

of the restricting table surface and the manual force, theoto in the course of the experiment. With the phase analysis using
is guided into the two-dimensional wiping mode. Actually, Hilbert transform we can thus analyze pseudo-stationary high
even without this guidance the system typically learns a wipindimensional motion patterns and we believe this methods is
behavior, because movements perpendicular to the table adso helpful to analyze other systems where attractor morphing
strongly damped such that the directions along the table planeccurs.

may create the highest velocity correlation and thus dorgniae So, what appeared as stationary actually was a transient
generated motion patterns. Later in this video, the robobiséd  behavior. As explained above, there is a potentially in nite
by hand into a di erent behavior. reservoir of attractors irC-space, with the learning dynamics
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FIGURE 7 | Horizontal and vertical bottle shaking experiment . Depicted are the time traces of the motor values for the horantal setup (A), see Video 4 in

Supplementary Material, and the vertical setul§B), see Video 5 in Supplementary Material. At the marked regi@n(gray and red bar) both setups are compared in
(C—F) with respect to their motor relation (motor 1 vs. 3 and 6 vs. 9)lt is visible that the motions in both setups are mostly orthgonal to each other.(G,H) shows the
evolution of the coupling of the 18 sensors to muscle 3 overie (corresponding to row 3 inC). In both cases the system starts atC D 0. In the horizontal case the
arm was stopped and released at times indicated by verticalres.
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FIGURE 8 | Analyzing the wheel rotation for the parallel setup . (A) Local Lyapunov exponents of the linearized dynamics, i.elpgarithm of absolutes of the
eigenvalues ofL (see below Equation 5)(B) Temporal evolution of the controller matrixC. Absolute changes ofC over one second (top) and changes in the coupling
of all sensors to motor 6 (row 6 of C over time). The arm startetb rotate at second 7 and at second 40 and 71 the rotation was maually inverted (vertical lines) see
Video 7.

slowly and continuously morphing these attractors. Beingeno  Otherwise, by simply storing the weigh)(of the controller,

or less a speculation so far, this opens a view into a fascmatithese patterns can be collected into a repertoire. Video 9
species of dynamical systems generated by the learningrrulein Supplementary Material shows the recall of and switching
speci ¢ agent-environment couplings. Moreover, this alsodtlo  between such wiping modes, sErgure 9B For the transition
substantially improve our understanding of the edge of chaogto a dierent mode the controller was changed abruptly,
hypothesis as an overarching concept. nevertheless a smooth transition into the new behavior ogcu

Frontiers in Neurorobotics | www.frontiersin.org 11 March 2017 | Volume 11 | Article 8


http://playfulmachines.com/MyoArm-1/#vid:bottle:shaking:horizontal
http://playfulmachines.com/MyoArm-1/#vid:bottle:shaking:vertical
http://playfulmachines.com/MyoArm-1/#vid:wipe:reload
http://www.frontiersin.org/Neurorobotics
http://www.frontiersin.org
http://www.frontiersin.org/Neurorobotics/archive

Der and Martius Self-Organized Behavior Generation for MusculoskeletaldRots

el | A hf"

50 60 70 time]s]

Phase differences 6: —— x5;-x4 X4Xp T XgXs5

0 10 20 time [s]

Phase differences : —— x5-x4 X49Xy ™ Xg—X5

FIGURE 9 | Learning to wipe a table with a brush and recall of di fferent wiping patterns. (A) Shown are the phase differences between a selection of senso
values (bottom) and the controller matrices (top) at diffent points in time indicated by green dots. The thick lines sbw the sliding median of 2 s windows for better
visibility. Note that jumps of 2 are equivalent to no phase change. See corresponding Video B Supplementary Material (Time 0 in the plot is at the rst cuin the
video). From second 11 (dashed line) to 22 (dotted line) them was trained to perform a different movement, which persts for a few seconds until the system drifts
away. (B) Recall of previously stored behaviors. At vertical dasheéhks, a static controller was loaded. Phase differences beteen a selection of sensor values
(bottom) and the controller matrices (top) (times, see greedots). See corresponding Video 9 in Supplementary MateriaObserve the transients between the
behaviors, which are sometimes long, e.g., 15s for contradr 4.

suggesting that most static controllers have a large bakin occurs (limit cycle), the camera is slowly rotated to a ndrma

attraction. orientation (0 degrees). During that process, the motion it
of the arm changes until, after stopping the camera rotation, a
3.8 Hand-Eye Coordination new attractor behavior is reached. Together wiigure 10this

In the previous experiments, the sensorimotor loop was clos?g_‘o"vlS that the %ﬂérglng pﬁltterns are ge_nerarl]ted with thf m;mer
in proprioceptive space alone, muscle lengths and tensio osely integrat ventually, upon rotating the camera further

generating muscle feelings with the ensuing piloting e eeg s tob +901(;egrees, the m(_)tlon OJ tr?e arm even stops u\?_'gl, afigr_
Section 3.3. This section investigates the integratiomlditeonal about 15s, a new consistent behavior emerges, see Video 10 in

sensors given by a camera reporting the spatial coordinates &yppIIDeEr’r;ertary. Material anﬂlgure.lo The experl.nLenr: shows
a green colored object connected to the tip of the arm, calle at earning generates motion patterns with the camera

the st in the following. The camera was positioned to observéIghtly mte_grated, I.e., proprioceptive an_d vision chann_gts
the arm from the front, se€igure 3F, but other positions would strongly mxed. We remark th_at readaptation and reorgarniat
also work. Thex y coordinates of the object are obtained from of behavior takes place on a time scale of a few seconds.

the green pixels' center of gravity, whereas theoordinate is
given by the size of the pixel cluster. These coordinatescated
between -1 and +1 as all the other sensors. To better comptte
the 9 proprioceptive sensors, the corresponding synaptic weig
were multiplied by a factor of 3 (before normalization). No
other measures were taken, in particular, all entries fonis®mn
channels in the model matrijl were put to zero in accordance
with the least biasing commitment described in Section 2.
the experiments, we observed that the robot engaged into
kinds of trajectories similar to those of the purely propriocepti
case, i.e., as if the camera were not present. However, a sim
inspection of theC matrix reveals a strong involvement of the of DEP. . . . .
vision channels in the generation of the modes, see the red- !N @ Next experiment, we investigate the acquired

framed rows inFigures 10C,D The constitutive role of the sensorimotor mappings in more detail. During learning the
camera can also be seen by the following experiment camera delivers a periodic trajectory in a 3D space, correlated
tightly with proprioception. What if we substitute the camera

coordinates by those of a fake, or virtual, trajectory. Ireth
experiment, we wait until the system, with the camera inctljde
settled into a stable motion pattern. Then, we freeze the
gontroller matrix C and cover the st with a white cap making

3.8.2. Hand-Eye Coordination. Emerging Central
wiattern Generator
WS discussed above, DEP learning potentially integratesradbs
channels, converging toward a xed point in correlation space
which corresponds to a periodic motion pattern in state space.
This is seen from the parametric plots iRigure 11G rst
row displaying a proprioceptive vs. one of the vision channels.
6{.‘ﬂespite the strong perturbations in the complex physical setting
a distinct phase relation between vision and proprioception is
gen. This is another corroboration of the integrative st

3.8.1. Adaptation to Sensor

Transformations—Rotating the Camera

In this setting we rotate the camera about its optical axislevhi
the system is running and DEP learning is on, with a time scal
of a few seconds. Initially the camera is rotated about iiS axspyring a periodic motion pattern the controller matri@ stays relatively constant,
to -90 degrees, sdggure 10E When a relatively stable motion i.e., a xed pointin correlation space is reached.
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FIGURE 10 | Adaptation to disruptive changes in the vision se  nsors. During the experiment the camera was rotated about its optial axis. (A) Camera angle in
degrees and corresponding camera images irf(E). (B) Change of the controller matrixC over time (averaged over 1 s)(C,D) Evolution of the coupling of the 24
sensors to one muscle (3 and 8) over time (row 3 and 8 df over time). Red-framed sensors are the vision sensors (anti¢ir time-delayed version). Vertical lines
indicate times of camera rotation and the point of reenterij a stable motion at 160s. See corresponding Video 10 in Supeimentary Material and the text for details.

it invisible to the cameras green object detector so tha thto systematically vary frequency and shape of the emerging
vision sensors are frozen. Now we use a dummy st (green baliehaviors. Furthermore, the emergence of hand-eye coatidin
attached to a stick) to generate camera coordinates by handnd the possibility to deliberately control the arm using vatu
seeFigures 11D,Efor a normal and a dummy st camera view, trajectories could be of some interest for the development in
respectively. infants during Piaget's rst phase.

As demonstrated in Video 11 (Supplementary Material),
moving the dummy generates de ned movements of the arm . .
although the arm would typically not follow the dummy if 3.9. Perspectives for Goal Oriented
it is arbitrarily moved. However, if the dummy is moved Behavior
along a similar path as the original movement, the arm isThough this paper is devoted to robotic self-organizatiohue
following the dummy, it can be even driven into trajectorieshave a remark on generating user chosen behaviors. The basic
with various velocities, and can be stopped deliberately, sédea is the following: the classical control setting is a twelle
Video 11 in Supplementary Material. IRigure 11A the time  hierarchy where the goal driven controller is applied directly
trace of one of the vision sensors and a proprioceptive sens@s the low level PID controller realizing the action exeouti
for the course of the experiment visualizes this behaviormHere, we advocate for the inclusion of a third, intermedikayel,
By comparing the parametric plots ifrigures 11B,C rst  meaning that the higher-level controller is realizing itsatpoby
and second row we conrm the similarity between the manipulating the above mentioned meta-system with its wealth
original and the virtual camera trajectory. On the other kan of latent behaviors waiting to be excited. How this could be
Figures 11B,Cthird row shows that a di erent relation between e ectively done is still to be investigated. However, the ptitdn
the sensors occur if the dummy trajectory is in the oppositesuccess of this extended hierarchy of control is suggesteed
direction. experiments. In fact, if we are able to in uence the meta-system

Another interesting point is that behaviors can not only beby hand, why not by just superimposing additional motor signals
replayed and combined, as demonstrated in the wiping casen the self-regulated meta-system. The use of the approach
but also be driven by virtual trajectories with (moderajely is encouraged by the mentioned ability of the meta-system
varying shapes and velocities. This can be operationalized fto uphold a resilient working regime even under extreme
deliberate control. For instance, a central pattern gemgreduld  external perturbations, preventing, for instance, shoulder
be used to generate the virtual trajectory, giving the oppuitiu  dislocations.
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FIGURE 11 | Experiment with camera input. Hand-eye coordinati ~ on and tracking. (A) a proprioceptive sensorxz and a vision sensorxy; (up-down direction)
over time. The vertical line indicates when the st was cover@with a cap (seeE). Black bars indicate time intervals used ifB,C). The yellow bar indicates the cut out
part of the corresponding Video 11 in Supplementary Materla(B) Trajectory in vision sensor space for different parts. Leforiginalmovement (with normal camera
sight (D), middle: two similar drivenbehaviors, right:inverted directionmovement. (C) The same trajectory relating vision to proprioception serss x11 !  x3 and
x10! Xg. (D,E) camera picture for normal and dummy- st case.

4, DISCUSSION to a subsystem with an unknown internal dynamics. In the
paper we ask how a robot may establish dynamical contact
This paper is seen as a further step toward a generglith a subsystem, eventually recognizing its identity,hiére
theory and practical realization of self-organization (Sf0) s no information or model of the subsystem's inner dynamics
embodied Al. There are many facets to such a general idedumans seem to have no problems there as they develop
worth to be investigated. In many cases, SO is considered feeling, by their muscle tensions, for the reactions of
as either self-exploration for scrutinizing the gross projst the subsystem. However, it is not clear what this subjective
of the system (to be deliberately controlled afterwards), ofeeling is and how it is used for controlling the interacting
(wishfully) used for the acquisition of behavior primitives system.
While this is often ticked-o as super uous, to be replaced As a rst insight o ered by our DEP controlled robot, we
by well known methods like motor babbling, SO de nitely note that the articial system does not need any curiosity
has its realm if systems become larger. This has beejt other higher level concepts for producing the observed
demonstrated by a number of successful examplesr (@nd  human like behaviors. Oriented at the similarity between ou
Martius, 2012, 2013, 2015; Der, 2pHitributing SO a much  anthropomorphic robot and human behavior, we may question
wider range of applicability. We claim that the results ofthe ontological status of these higher level concepts also in
this paper are a further step as they extend that range tAumans. Furthermore, we could reveal a very subtle but
composed systems consisting of the actual robot connectefbminating e ect: by the mere feedback through the internal
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dynamics of the object, the robot is learning to answer wittegy ~ onto robotics. Hopefully, this knowledge may eventually help
speci ¢ sensorimotor pattern to each of the objects. So, thetro building machines that are as close to humans as possible.
discovers the identity of the attached object without kniogyi Last but not least, let us briey compare our results with
anything of its dynamical properties which may be very complexhe literature on SO in robotics. While this paper focuses on
like the water in the bottle. This may be a further examplethe SO of behavior for robots of a given morphology, much
how the robot can both model and substantiate concepts fromof the literature is devoted to SO for self-assembling arifi se
cognitive science, here Gibson's object a ordances. Furibee,  repairing (Murata and Kurokawa, 20)2and eventually self-
as we could uncover by the analytical tools developed in thigeplicating Grith et al., 2005) systems. Very in uential for
work, the emergence of the combined mode and the eventughe topic is the papePfeifer et al(2007 presenting the whole
identi cation of the attached object—by establishing dymeal  spectrum of bioinspired robotics. The central idea is thattcoin
contact—is explained by a subtle mechanism which we calf outsourced to the morphological and material properties,
piloting. see alsdHauser et al(2019, Pfeifer and GémeZ£2009, Paul

Unfortunately, due to the high complexity of the system and(2004, Pfeifer and Bongarq2006), Pfeifer and Scheig(1999,
the subtlety of the e ect, a rigorous mathematical analysiis and Pfeifer et al(201). This is in line with our work, as our
possible so far. Nevertheless, using some concepts of dyalamicontroller is developing everything from the interplay withet
system theory, we could establish tentative ndings. Bypke physics of the system. However, to our knowledge previous work
the system at the border to instability we nd a potentiallynite  does not reach robots of such complexity as demonstrated here.
reservoir of (limit cycle) attractors “waiting” to be exeit. Besides Related to our work is the multiple attractor conceft(i and
converging toward one of these attractors, the rich reservolito, 2003; Gros, 2015; Sandor et al., Qihich was not yet
of further phenomena could possibly be related to conceptapplied to real robots. Another body of literature exists on SO
like attractor meta-dynamicsros, 2015; Sandor et al., 2015 in swarms Bonabeau et al., 1997, 1999; Rubenstein et al., 2014;
the so called meta-transientdl¢grello and Pasemann, 2008 Blum and Grol3, 2016to get swarm intelligenceSnhgelbrecht,
and the mentioned self-induced attractor morphing. Altdget ~ 2006; Nouyan et al., 20))8but there is no relation to our
these concepts may serve as a characteristic for self-asghni work which is devoted to the development of individual
behavior in the sensorimotor loop, possibly endowing evemobots.
the edge of chaos concept with a new realm. There again, we
emphasize that the outstanding sound mathematical analysis AUTHOR CONTRIBUTIONS
these concepts can more reliably reveal their enormous piaient
for constructing and building such self-learning machinveish ~RD and GM conceived and conducted the experiments. GM
their creative properties. analyzed the data. RD and GM wrote the paper.

It is also important to note that “reading” the objects
properties through the mere feedback from its internal dynesni ACKNOWLEDGMENTS
is a direct consequence of those dynamical system properties.
Considering the similarity with human behavior again, weyma We thank Alois Knoll for inviting us to work with the
ask if humans also work in this dynamical regime at the boafer Myorobotic arm-shoulder system at the TUM. Special thanks
instability and what the possible consequences are. It meigtfb  go also to Rafael Hostettler for helping us with the robot
to future work to reveal the thereby expected cross fertiten ~ and control framework. GM received funding from the People
between robotics and cognitive science. Furthermore, thBrogramme (Marie Curie Actions) of the European Union's
spontaneous identi cation of dynamical object a ordancesyna Seventh Framework Programme (FP7/2007-2013) under REA
be also of some interest for both robotics and embodied Al.  grant agreement no. [291734].

In short, we claim that experimental investigation with
anthropomorphic, self-learning robots not only generatesSUPPLEMENTARY MATERIAL
interesting behaviors in complex robotic systems. It may als
help to better understand what subjective human feelingghe Supplementary Material for this article can be found
of physical interactions are, how they can be rooted irpnline at: http://journal.frontiersin.org/article/10389/fnbot.
sensorimotor patterns, and how these concepts may feed ba2R17.00008/full#supplementary-material
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