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One of the big challenges in robotics is to endow agents with atonomous and adaptive
capabilities. With this purpose, we embedded a cerebellunbased control system into
a humanoid robot that becomes capable of handling dynamicakxternal and internal
complexity. The cerebellum is the area of the brain that codinates and predicts the
body movements throughout the body-environment interactins. Different biologically
plausible cerebellar models are available in literature diinave been employed for motor
learning and control of simpli ed objects. We built the canaical cerebellar microcircuit
by combining machine learning and computational neuroscigce techniques. The control
system is composed of the adaptive cerebellar module and a aksic control method; their
combination allows a fast adaptive learning and robust combl of the robotic movements
when external disturbances appear. The control structuresibuilt of ine, but the dynamic
parameters are learned during an online-phase training. ‘Bhaforementioned adaptive
control system has been tested in the Neuro-robotics Platfon with the virtual humanoid
robot iCub. In the experiment, the robot iCub has to balance Wwh the hand a table with
a ball running on it. In contrast with previous attempts of skving this task, the proposed
neural controller resulted able to quickly adapt when the ternal and external conditions
change. Our bio-inspired and exible control architecturecan be applied to different
robotic con gurations without an excessive tuning of the paameters or customization.
The cerebellum-based control system is indeed able to deal ith changing dynamics
and interactions with the environment. Important insightsegarding the relationship
between the bio-inspired control system functioning and te complexity of the task to
be performed are obtained.
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1. INTRODUCTION In the eighties, Narendra's research group at Yale Universit
exploited the adaptability of arti cial neural networks (ANI)
Controlling a robotic system that operates in an uncertainyg jdentify and control nonlinear dynamical systenigafendra
environment can be a di cult task if the analytical model ofeéh  and Mukhopadhyay, 1991a,b, 1997; Narendra and Parthasarathy
system is not accurate. Models are the most essential tools im97). Their experiments showed that the versatility of the
robotic control (Francis and Wonham, 19)thowever, modeling  ANNs resulted bene cial for controlling the di erent behawis
errors are frequently inevitable in complex robots, for avste  that characterize complex dynamical systems. Although the
humanoids and soft robots. Such redundant modern robotsobustness of the classic parametric method in most of the
are mechanically complex and often interacts with unstroetll  control scenarios, ANNs were largely used in adaptive control t
dynamical environmentsNakanishi et al., 2008; Nguyen-Tuong gvercome uncertainties, unmodeled nonlinearities anddndie
et al., 200p Traditional hand-crafted models and standard more complex state space systerfisaz et al., 1991; Sontag,
physics-based modeling techniques do not su ciently takej992: Zhang et al., 2000; Patino et al., 2002; He et al., 201§,
into account all the unknown nonlinearities and complexitiesas matter of fact, the non-linear components and the layered
that these system present. This lack consequentially leads dgucture that distinguish the ANNSs facilitate the mappingdan
a reduced tracking accuracy or, in the worst case, to unstabtonstrain the e ects of nonlinearities. Furthermore, the-on
null-space behavior. line adjustment of the parameters respect to the input-output
Modern autonomous and cognitive robots are requested t@e|ationship without any strict structural parameterizatiresults
adapt not only the decisions but also the forces exerted in anydvantageous for adapting to time-dependent changes.
varying condition and environment. The selected movememt ¢ |n the Nighties thanks to the extended application of ANNs
not be executed properly if the robot does not adjust the forceg, robotics, Juyang Weng introduced the Autonomous Mental
according to the changing dynamics. Because of this, modemevelopment approach (AMD) to arti cial intelligencé/(eng
learning control methods should automatically generatedelo et al., 1999a; Weng and Hwang, 2D0®eng theories were
based on sensor data streams, so that the robot is not a closgfinly inspired by how the biological systems e ciently dakite
entity, but a system that interacts, and evolves through thgheir movements under internal and environmental changes.
interaction with a dynamic environment. Accordingly to AMD the robot have to be embodied in
In this paper, we intend to design an adaptive learningthe environment, and its processing is not preprogrammed
algorithm to control the movements of a complex nonlinearpyt is the result of the continuous and real-time interactio
dynamical system. In particular, we assume that: the Jagobigyithin the two systems \{/eng et al., 1999b, 2000; Weng,
poorly describes the actual system; the robot interactsenthor  200). Respect to classic parametric approaches, the developing
more unmodeled external objects; the sensor-actuatoesyst  artj cial agent creates and adapts models describing itself
distributed and not all the states are observable or can bertt®  and its relation with the environment rather than learning
with parametric function designed o -line; the action/statpace and estimating parameters of a mathematical model built o -
is continuous and high-dimensional. The control systemudto |ine. These theories found large application for high level
solve the inverse dynamics control problem of a multiple-cognition tasks (seé/ernon et al., 2007or a review) but
joint robotic system aected by static and dynamic externalvere also applied to low level control in visually-guided
disturbances during the execution of a repeated task. Thgbots (Vietta et al., 1999; Ugur et al., 2015; Luo et al., 018
controller is envisioned to reduce the tracking accuracgath With the aim of mimicking arti cially the motor e ciency of
actuator through force-based control input. the biological system, James S. Albus proposed a neural network
In early days of adaptive self-tuning control, models wergyased learning algorithm for robotic controller based on
learned by tting open parameters of prede ned parametrictheories of central nervous system (CNS) structure andtionc
models Atkeson et al, 1986; Annaswamy and Narendrathe “cerebellar model articulation controller,” commonly
1989; Wittenmark, 1995; Khalil and Dombre, 200Although  known as CMAC module £lbus, 197). Several studies in
this method had great success in system identi cation anditerature demonstrated that, the anatomy and physiologyhef t
adaptive control techniquesLjung, 2007, the estimation of cerebellum is suitable for the acquisition, developmemntagie
the open parameters can lead to several problems, such asid use of the internal models describing the interactiothimi
slow adaptation; unmodeled behavior and persistent exoitati body and environment\(Volpert et al., 1998 Moreover, the
issue (larendra and Annaswamy, 1987nconsistency of the cerebellumis composed by separated regions which functtgnal
estimated physical parametergirfg et al.,, 200§ unstable relies both on the internal structure of the circuit and on
reaction to high estimation error. In recent years, non-pagdric ~ the connection with other CNS areasl{uk and Wise, 1995;
approach has been shown to be an e cient tool in the resolutionCaligiore et al., 20)7 each region receives both the desired
and prevention of the aforementioned problems thanks tomovements from the cortex and the sensory information from
the adaptation of the model to the data complexitygliyen- tendons, joints and muscles spindles and elaborates a signal
Tuong and Peters, 20),1and several methods have beenthat corrects whereas other CNS region are lacking. As matte
proposed Farrell and Polycarpou, 2006 such as neural of fact, subjects aected by cerebellum damage often present
networks Patino et al., 2002 and statistical method<(cijan  motor de cit, such as uncoordinated and ballistic multipleit
etal., 2004; Nakanishi and Schaal, 2004; Nakanishi e085.2  movements $chmahmann, 2004 For this reason in the last

Frontiers in Neurorobotics | www.frontiersin.org 2 August 2019 | Volume 13 | Article 70


https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurorobotics#articles

Capolei et al. Biomimetic Control for a Humanoid Robot

decades, scientists tried to explain the roles of the cdtebéh  environment, while the real world is more complex and every
motor control, especially its contribution to sensory action  external interaction counts. It is worth mentioning that g¢h
and timing and its involvement in the prediction of the sengor previous works have been employed for motor learning and
consequences of action. Moreover, this adaptive controlneatu control of simpli ed objects.
motivated several researchers toward a deeper undersiguadin In this paper we present a robotic control architecture
the cerebellum for robotics application. to overcome modeling error and to constrain the e ects of
Two main research lines born since Marr and Albus proposedincertainties and external disturbances. The proposed ctetro
the rst arti cial cerebellum-like network as pattern-clsiser  is composed of a static component based on a classic feedback
for controlling a robotic manipulator(larr, 1969; Albus, 1992 control methods, and of an adaptive decentralized neural
the rst research line focuses on purely industrial applicatio network that mimic the functionality and morphology of the
and has as major representative W. Thomas Miller; the seconzkrebellar circuit. The cerebellar-like module add feedvard
research line, mainly represented by Mitsuo Kawato, deepexbot corrective torque to the feedback controller actidio( 1984;
in neuroscience and kept investigating on the biologicaleng® Miyamoto et al., 1988 A non-parametric nonlinear function
of the cerebellum structure and functionalities in relatto other ~ approximation algorithm have been employed to map on-line
CNS areasi{awato et al., 1987; Kawato, 1999 and to reduce the high dimensional and redundant input
Miller applied the CMAC module in a closed loop vision- space. The algorithm creates the internal model describing
based controller to solve the forward mapping with directthe interaction within system and environment. This modsl| i
modeling (Miller, 1987. Although the advantages, such askept under development throughout the execution of the task.
the rapid algorithmic computation based on least-mean-squarThe neural network mimic the composition of the cerebellar
training and the fast incremental learning, this approactklat  microcircuit. The layered structure of the network constisi
generalization and is sensitive to noise and large erkdil¢r  the e ects of nonlinearities and external perturbations. The
et al., 199)) Over the years, researchers have been focusing oretwork weights are based on non-linear and multidimenslona
solving these drawbacks and the CMAC module has been mostlgarning rules that mimic the cerebellar synaptic
used as non-linear function approximator to boost the tragkin plasticities Garrido Alcazar et al., 2013; Luque et al., 2014
accuracy of the adaptive controller and mitigate the e ects of This manuscript extends the previous works under three
the approximation errors l(in and Chen, 2007; Chen, 2009; main aspects: 1. cerebellar-like network topology and input
Guan et al., 2018; Jiang et al., 2D1&lthough the promising data; 2. feedback control-input; 3. dynamic control under
results obtained by these applications of the CMAC networkexternal changing conditions. With the aim at giving more
this industrial research line did not completely exploit theeaadl  insights into the capacity of the cerebellum of generating
capabilities and components of the cerebellum. It is worthy taontrol terms in the framework of accurate control tasks, the
note that the CMAC module mimic the cerebellar circuit only atfollowing research questions come naturally to mind: can a
the granular-purkinje level, for this reason only the mappimgla control system be generalized to control robotic agents by
classi cation functionalities are exploited. endowing them with adaptive capabilities? Can accurate and
The neuroscientic research line has been investigatingmooth actions in a dynamic environment be performed by
mainly on the layered structure of the cerebellar circuitposing  the extrapolation of valuable sensory-motor informationrfro
several synaptic plasticity modelsique et al., 2011, 2014, 2016;heterogeneous dynamical stimuli? Does this sensory-motor
Casellato et al., 2015; D'Angelo et al., 2016; Antonietilet information extrapolation facilitate the motor predictionnd
2017, network models Chapeau-Blondeau and Chauvet, 1991adaptation in changing conditions? The tests were carried ou
Buonomano and Mauk, 1994; Ito, 1997; Mauk and Donegarin the Neuro-robotics PlatformKalotico et al., 20)Awith the
1997; Yamazaki and Tanaka, 2007; Dean et al.,)2@t@ptive virtual humanoid robot iCub. The robot arm has to follow
linear Iter model (Fujita, 1982; Barto et al., 1999; Fujiki et al.,.a planned movement overcoming the disturbances provoked
2015, and combination of both Tolu et al., 2012, 20)3 by a table attached to the hand and a ball running on it. A
These cerebellar-like models were embedded into bio-iegpir similar example was solved by employing a conventional cbntro
control architectures to analyze how the cerebellum adjtis¢ law together with computer vision techniques\(tar et al.,
output of the descending motor system of the brain during the2002; Levinson et al., 201MHowever, this approach assumes a
generation of movementK@wato et al., 1987; Ito, 200&nd  xed robot morphology de ned and described before running
how it predicts the action, minimizes the sensory discrepancthe experiment, and there is no run-time adaptation to the
and cancels the noise\pwak et al., 2007; Porrill and Dean, “biological changes” as we see in human beings. Balancing
2007). The experiments regarded the generation of voluntary table with a ball running on it is a relevant example of
movements with both simulated and real robots, e.g., eydioly  how humans learn to calibrate, coordinate, and adapt their
classical conditioningAntonietti et al., 201), vestibulo-ocular movements, hence, we investigate how robots can achiese thi
task (Casellato et al., 20),4the gaze stabilizationvVannucci  task following the biological approachrobst et al. (2012also
et al., 201} and perturbed arm reaching task operating infollowed the biological approach; they tackled the problem taking
closed-loop Garrido Alcazar et al., 2013; Tolu et al.,, 2013jnto account the dynamics of the system, four di erent forces
Lugue et al., 2016; Ojeda et al., 2D1From the analysis of are found by means of a liquid state machine and applied in
the literature, it then emerged that research groups hawéde four di erent points of the table to achieve the balancing task
the robots as stand-alone systems without interactionb wie A supervised learning rule is used for the training step, which
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FIGURE 1 | (A) The gure illustrates the main components of the functional ehitecture scheme and the link with the arti cial robot agenhand the external system.(B)
The humanoid Icub holding the table-ball system in the simuten environment NRP,(C) Three controlled joints: wrist prosup#g, wrist yaw #, wrist pitch #,.

concludes that after 2,500 s no further improvement of theexperiment consists of a simulated humanoid robot that eiexu
performance is obtained. a requested movement using three controlled joints of tigtri
Hence, the main advantages of our model are: the low amourarm. During the simulation, a ball is launched on the tablatth
of (sometimes implausible) prior information for the control is attached to the robots right hand; the ball is free to milthe
a fast reactive robotic control system, an on-line self-adapt table, as illustrated irigure 1B. The movements of the ball are
learning system. Thanks to these features the robot canmerfo provoked by the shaking of the robot arm and consequentially
a determinate physical task and adapt to changing conditibms. of the table. The key information about the external system
conclusion, this approach introduces a fast and exible cohtr components (e.g., the ball and table) are reportetiahle 1
architecture that can be applied to di erent robotic platforms  The proposed control architecturd=igure 1A) is composed
without any/excessive customization. of three main building blocks: theobotic plant which is the
In the rst section that follows, we present the control physical structure (section 2.1); theotor primitive generator
architecture, the adopted cerebellar-like model and thevhich isresponsible of the trajectory generation (secti@);2he
description of the method. In the second section, we reportontroller which elaborates the torque commands to move each
the experimental setup as well as the results of the comparisanotor to the desired set point (section 2.3).
study of four control system approaches including the respecti
analysis. Finally, we will discuss the main ndings of thedst o 1 Robotic Plant

correlating them to previous literature. The Icub humanoid robot is 104 cm tall and it is equipped with a

large variety of sensors (such as gyroscopes, acceleronfefers
2. MATERIALS AND METHODS sensors, encoders, two digital cameras) and 53 actuatets$ joi

that move the waist, head, eyes, legs, arms, and hands. @urin
In this section, we present our bio-inspired approach to solvehe experimental tests, eight revolute joints of the righimar
the problem of controlling the right arm of the ICub humanoid were actuated: four joints were kept constant to maintain the
robot despite the occurrence of an external perturbation. Therm up (e.g., elbow, shoulder roll, shoulder yaw, and shaulde
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TABLE 1 | External system features. The controller directly sends the®' total control input to
the robot servo controller which actuates the joints far D

Mass [Kg] - Volume [m *]  Statc fiction - Bynarmic frction ) ey tot tot] control input is expressed as the result of a
coet et coeterent feed-forward compensation (as the AFEL architecture proposed
Ball 0.01 6.54 10 ° 0.02 0.01 by Tolu et al., 201p,
Table top 0.1 9 10 4 0.01 0.01 2 t0t3 2 oo DCN3
tOtD405D40C:LO 5 (5)
Nt tot PID Cl DCN
N N N

pitch), and three joints were controlled in e ort by the proposed
control system (namely wrist prosup, wrist yaw and wrist pitch) totyyere PD and 1 PCN (wheren D 0,..N) are the
The axis orientation of the controlled actuators are illaséd in  contributions from the static and the adaptive bio-inspired
Figure 1C Additional information about the actuated joints are congroller respectively.

reported inTable 2 In this work, we used the encoder to only

read the state of the controlled joints (e.g., angular posjtand 2.3.1. Feedback Controller

velocity) and save it in the process variables, The static control system refers to the classic feedbackaont
2 3 scheme with PID regulator. It is de ned static due to its time
#e0(t) constant control terms. The closed-loop system continuously
Qf )D4 ... 5 whereND 2, (1) computes theep angular velocity error of each joint as the
#en(t) di erence between théf, , reference (Equation 4) and th&,,
process variable (Equation 2),
2 3
#.o(t) zegpg 2 o #)co3
GN0) D4#)... 5 where ND 2, ) g p4..5p4 .. 5 (©)
eN(D) &R, IV N
2.2. Motor Primitive Generator Theep error (wheren D 0, ...N) is used to apply correction to
The motor primitive generator plans the trajectory for eacheach controlled joint in terms of e ort,
actuated joint and communicates the reference value to the
control system at each time step. The reference angular positi Ffop po, .., PDT 7
and velocity of each joint are de ned as oscillators with xed
amplitude, natural frequency and phase, according to the independent joint control law expressed as:
2# (t)3 2A in2 ftC" )3 Zt d#n(t)
r,0 0 Sin 0 PID 0 n
t) D K CK t)dt"C K
Qh D4 L. 5D4 . 5, (3 o (ODKen e Clin L1 SROICKon =g
#rn(t) An sin(2 ftC' ) fornD O, ... N, (8)

where the integration time window i$t D 10 samples. The
regulator is tuned to weakly operate in a linearized conditio
which excludes the presence and disturbance of the ball, hence
the proportional, integrative and derivative terms are staiind
whereN D 2. The temporal frequency fsD 0.25Hz, while the ~Setrespectively to,

oscillationsA amplitude and phase of each joint are set to:

2 3 2 3
# o(t) 2 fAg cos(2 ftC' )
5

& ,)p4 .. 5pD4

)
#F N () 2 fAN cos(2 ftC' )

KpD Kpo, Kp1, Kpo D 2.9000, 2.3000, 2.3500

A1 NnD Ag, A;, A, D 0.1727, 0.1363, 0.034fad KiD Ko Kia, Ki2 D 1.9400, 1.9000, 1.9000
"1nD "0,"1,"2 D 05,05, 0.0 rad. Ko D Kpo, Kp1, Kp2 D 0.0050, 0.0001, 0.0004
2.3. Controller 2.3.2. Cerebellar-Like Model

The controller block (Figure 1A) is composed of a static The proposed cerebellar-like network has been designed te solv
component based on classic control methods (section 2.3.Ipbotic problems Figure 2). In particular, the sensory input
and of an adaptive decentralized block representing the bicand the corrective action in output refer to entities regagli
inspired regulator, i.e., the cerebellar-like circuit (gmet 2.3.2). the actuated motors, such as motor angular position, velocity
Both sub-blocks receive information about tigs, & process or e ort. Electrophysiological evidence about the encoding
variables measured from the encoders located in rthigotic  of movement kinematics has been found at all levels of the
plant (Equations 1, 2), and the)".@ reference trajectory cerebellum; for example, in this revievicifner et al., 2091
signals from themotor primitive generato(Equations 3, 4). reported that the mossy bers (MF) inputs encode the position,
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TABLE 2 | Actuated joints information: the wrist actuators (highligted in yellow) are controlled in effort while the elbow andr®ulder motors are kept to a constant
angular position.

Min #[rad] Max #[rad] Max #Hrad sec 1] Control Value
Wrist prosupn D 0 -0.8726 0.8726 100 Effort Controlled variable
Wrist yawn D 1 —0.4363 0.4363 100 Effort Controlled variable
Wrist pitchn D 2 -1.1344 0.1745 100 Effort Controlled variable
Elbow 0.0959 1.8500 100 Position Constant = 1.14 [rad]
Shoulder roll 0.0000 2.80649 100 Position Constant = 0.1 [rd]
Shoulder yaw —0.645772 1.74533 100 Position Constant = —0.1rad]
Shoulder pitch —1.65806 0.0872665 100 Position Constant = 9.9 [rad]

Mossy Fibers : .
(Iny uts) Corrective Action
P (Output)
B Inputs Dimensionality Prediction Output C
'Z"”C""" Adjustment  Activation ~ Output
Dimensionality and mapping
reduction Prediction  Output
and mapping Adjustment  Activation £ umln=0
= S mf»
| Mcc : : .
=0
) com : mf |
! . 1 -> -
i - | : G
I cemm  umln=0 —> mf,
1 1 v > Tt
1 : | N
i3 . h\ - PF
T, = 1
g“\l/l, com - m_f0 > i
W . ! .
i :’r » . : . -> ionp
X0 2
Inputs \Jf,( LWPR < umln 4,' Outputs
A ! =0
iy . 1 oy
A% 1
€ -
e l . > 5
AR comm=0", : mf k
i ! : Yo
I 4 1 > PC
1 1 ny
! 1
d comm  umln=N —> : d
. DCN
! 1 . ) umln=N A
1 . i . ' ' Cemp
I g 1 . @ /
: - i LA X DCN, —>
[N ] f
mi,y '\ Cemv

FIGURE 2 | Proposed cerebellar-like circuit in analogy witld'Angelo et al. (2016) (A) canonical micro-circuit. Proposed cerebellar-like neudanetwork (B) structural
partition and (C) details.

direction, and velocity of limb movements. Moreover, manysignals that are correlated with the intrinsic features bé t
hypotheses suggest that the cerebellum directly contributecontrolled plant, such as position and velocity terms, in ortter
to the motor command required to produce a movement.have a complete description of the state.

In our model, the input-output relationship is based on the The neural network structure is divided into separated
previous suggestions and the signal propagation throughouhodules Figure 2B), or namely Unit Learning Machine
the cerebellar network layers is in accordance with the ticbo (uml) (Tolu et al., 2012, 20)3 Assuming that the robot
control application. The main design concept is that the signaplant is composed by N controllable object, then each uml
propagating inside the circuit have the same dimension of thés specialized on the n-th controlled object (where D

1 PCN output signal from the Deep Cerebellar Nuclei (DCN). 0, ...N), or rather the DCN output of the uml will be the
The propagated signal is modulated inside the network by othecerebellar contribution for the speci ¢ object. The uml itsid
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separated into M sub-modules which represent ttanonical In the proposed experiment, the canonical cerebellar
cerebellar microcircui{fccm). Each ccm is specialized with microcircuits (ccm) of each controlled object are specialirep
respect to a speci c feature describing the behavior of thé n-t position and inv velocity. In details, the Purkinje layer of each
controlled object. The overall umls and other structurésittare n th uml presents a pair of Purkinje cells (PCfigure 20,
dedicated to the dimensionality reduction and mapping of thespecialized in positionPG,, and velocity PG, respectively
sensory information, compose together thdular Cerebellar through di erent climbing bers (ionp, andiony). Moreover, the
Circuit (MCC). bio-inspired controller receives the same sensory infororati
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FIGURE 4 | Angular position and velocity wrist prosup: comparison exgriment | and 1I(A), with zoom on the angular position(C); comparison experiment | and 1(B),
with zoom on the angular position(D). The plots show the results of the 20 tests in terms of mean vak (solid line) and 956 con dence interval (colored area). The
vertical green line indicates the moment in which the cereblar-like controller starts giving the corrective actiort O 40s). The vertical purple line indicates the instant
the ball is launched on the tablet(D 5s).
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FIGURE 5 | Wrist prosup experimental results. Resulting angular pa#n error ey, comparison experiments | and I(A), comparison experiments IIl I\(B). Control
input (‘)Ot evolution, comparison experiments | and I{C), comparison experiments 11l (D). Control input contributions in experiment IV comparisons étween: 60‘
and [P (E) Ptand DN (F). The plots show the results of the 20 tests in terms of mean vak (solid line) and 936 con dence interval (colored area). The vertical

green line indicates the moment the cerebellar-like contiter starts giving the corrective actiont(D 40s). The vertical purple line indicates the instant the ball is
launched on the table { D 5s).

of the feedback controller (section 2.3.1), but it is intedd joints in terms of angular velocity to the granular
to correct theey, angular position error, whereas the PID cells (Gr),
corrects thegp angular velocity error. This is solved through

the connection inferior olive-deep cerebellar nuclei (CZEN), 2 #’?,o(t)s
which conveys information about the angular position errdn 2 mo(t) 3 :
additional aspect, the inferior olive signals di ers from Kato's ME 4 0 5 @N 1M ?Pr,N ()

) . N 1(t) D D C D . (9
feedback error learning theorKawato, 199Pand our previous mfon (t) & 10 #.o(t)
experiments {olu et al., 2012, 20)3because the Jacobian does
not correctly approximate the system, therefore the required Fon(t)
conditions are not satis ed and it is not e cient to compare ¢h
motor signals. The granular layer-parallel bers network is the circuit

The mossy bers transmit the information about area committed to the mapping of the mossy bers signals
the current and reference state of the controlledand to the prediction of the next output given the current
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FIGURE 6 | Angular position and velocity wrist yaw: comparison expement | and 1l(a), with zoom on the angular position(c); comparison experiment | and 1(b),

with zoom on the angular position(d). The plots show the results of the 20 tests in terms of mean vak (solid line) and 9%6 con dence interval (colored area). The
vertical green line indicates the moment the cerebellak controller starts giving the corrective actiont(D 40s). The vertical purple line indicates the instant the ball is|
launched on the table { D 5s).
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¥y + 3o[rad)
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sensory input iarr, 1969; Albus, 1991 As in our previous ionp inferior olive (10) signal,

works (Tolu et al., 2012, 20)3we arti cially represented this

network with the Locally Weighted Projection Regression ionp(t) D &, (1), (12)
algorithm (LWPR) {ijayakumar and Schaal, 2000The

LWPR resulted an e cient method for the fast on-line {nat transmits the information about th@), normalized angular
approximation of non-linear functions in high dimensional position error of then th joint,

spaces. Given thF(t) mossy bers input vector (Equation 9),

the LWPR creates G local linear models that in our

scheme represent th&ry granular cells (forg D 0,...G). &, (1) D #rn(®) - #en(®) (12)

Each linear model employs th&lF(t) to make a Qg(t) -
prediction of the control input 't 1) (where n=1,...,N). while thewhy *°* synaptic strengths between the parallel bers

The total output of the granular-parallel bers network and thePG,y, are modulated by thiey inferior olive signal,

is the weighted mean of all the linear models specialized .
in velocity, ion(t) D € (1), (13)

P oG, g r that transmits the information about th€ normalized angular
who® Qe® »

dft) D — % 5 nD1,..N, (10) velocityerrorofthen thjoint(Equation 6). Then®" P, ioo(t))
gD1 Wig(t o(t) weighting kernel tends to support the control actions thatléa
an error lower than a speci ¢ threshokfesh

wherewi g and (Jg are de ned inVijayakumar and Schaal (2000)

- h f .
In our scheme, there are two Purkinje cells per controlled threstpe e;Oreshpc ng I[’C('E,lo('[;(t) D 0) max(ex,)
joint PG, and PGy (wheren D 0,..N). The wiy "% D& thré's'hpcg op . -
synapses connecting the parallel bers and e (PF-PC N Wy (tion p(t) D 0) max(es,)
connection) Garrido Alcazar et al., 20),3are modulated by the 2 0 0123
D 40.00® [rad], (14)
1wt Peweighting kernel parametersT Dpax D 10 3, LTPmax D 10 3, D 170. 0.002
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FIGURE 7 | Wrist yaw experimental results. Resulting angular positicerror ex, , comparison experiments | and I(A), comparison experiments IIl I(B). The i"‘
control input evolution, comparison experiments | and [[C), comparison experiments Il I(D). Control input contributions in experiment IV comparisons &tween: {m

and ['P(E); 1t and PCN (F).The plots show the results of the 20 tests in terms of mean vak (solid line) and 936 con dence interval (colored area). The vertical
green line indicates the moment the cerebellar-like contiter starts providing the corrective actiont(D 40s). The vertical purple line indicates the instant the ball is
launched on the table { D 5s).

2 3 3
. e?’oresrpc WPf Pt,iol(t) D 0) max(ep) Afterwards, the PS(t) [7(t) Purkinje cells signals are scaled
effeshpc D§ £p§ by the synaptic weightsh, " andwhy, %" 2 (Garrido Alcazar
e:;resmc Wﬁlf,v P<(t,ion v(t) D 0) max(eg, ) etal., 201} that are modulated by the Purkinje cells and the deep
2 0 8123 cerebellar nuclei activities (PC-DCN),
D 48-88? [rad sec?]. (15) whh Dt P51 PN 1)), (18)
c dcn DCN
Respect to our previous work ¢lu et al., 2012, 20) $he output why D, 1), 1 PNt 1) (19)

signals of the Purkinje cells are directly function of tgg(t)

resulting in the input signals,
prediction instead of thev, hg Weights, 9 putsig

f PC PCN(t) D why, *" PS(t) (20)
() D whp "t ionp(t))  GF(E) (16)
d
rv PN D why * RO, (21)
nP\E:(t) D Wﬁf\, pc(t, ionv(t)) (ﬁF(t). (17)  2wpe denyyeighting kernel parameterSTDmax D 10 4, LTPmax D 10 4, D 2.
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FIGURE 8 | Angular position and velocity wrist pitch: comparison expement | and lI(A), with zoom on the angular position(C); comparison experiment | and [(B),
with zoom on the angular position(D). The plots show the results of the 20 tests in terms of mean vak (solid line) and 9%6 con dence interval (colored area). The
vertical green line indicates the moment the cerebellakk controller starts providing the corrective actiont(D 40s). The vertical purple line indicates the instant the bal
is launched on the table { D 5s).

In addition, the deep cerebellar nuclei receives the inpgals The nal 1 PN cerebellar corrective term is the result of the
g DCN, AP PCN from the mossy bers and \§ PCN from  MF DCN modulated control input subtracted by thef© PEN

the inferior olive. In our proposed circuit, the mossy bers prediction modulated by the current error together with the

connected to the deep cerebellar nuclei (MF-DCN) conveys tth PCN modulated contribution of the error itself,

information about the '°'(t 1) last control input sent to each

controlled joint (Equation 5). This input is scaled by the ayptic

we|ghtswnm{) %N and wily %" 3 (Garrido Alcazar et al., 20)3 c [0 ben (25)
modulated by the respective th Purkinje cells activities, '

DCN MF DCN MF DCN PC DCN PC DCN
1 D (% C W (n, C ny

or rather,

ME DN D whp U BSM) P 1), (22) 1 POND (e, ) C aBh @) (CPYes) C GP(ep)
n(e#n)'

MF DCN() D w9, PC) O 1. (29) 2.4. Proposed Experiments and

Performance Measures
The )9 PN inferior olive contribution in the deep cerebellar The proposed control scheme has been applied in four di erent
nuclei (IO-DCN) is given by thdon, (Equation 11), which is experiments with the aim at analyzing the advantages of the

modulated by thwrﬁfp den4 synaptic weightl(uque et al., 2094 bio-inspired controller in presence of dynamical disturbaside
details, the four experiments di er from the presence of thd bal

10 DCN io donys ; : and the cerebellar-like controller contributiofrigure 3):
np D WIn,p (t, |0n,p(t)) |0n,p(t)- (24) . . .
Experiment . control input without both cerebellum
3ymf denweighting kernel parametersTDmax D 10 4, LTPmax D 10 4, D 2. contribution and ball disturbance,
4wio_den weighting kernel parameterMTDmax D 10 4, MTPmax D 10 5,
D' 100. ©tp PP (no bal)l (26)

Frontiers in Neurorobotics | www.frontiersin.org 11 August 2019 | Volume 13 | Article 70


https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurorobotics#articles

Capolei et al.

Biomimetic Control for a Humanoid Robot

Position error - wrist pitch
A B
05 ——  no — ball, cereb 05 ball, cereb
no — ball, no — cereb ball, no — cereb
04t 04
<) =)
g 03 i 03
© ©
[l o
+H 02 H o2
= 01} = 0.1
0.0} w R 0.0 w
20 40 - 60 80 100 120 140 20 40 = 60 80 100 120 140
time [sec] time [sec]
Control input - wrist pitch
c D Lo —  Tyuball, cereb
04 Tiaball, no — cereb
05
02
£ g
E 0.0 E 0.0
[} )
o o
+ +
€ 02 e
-0.5
e ——  Tiano — ball, cereb
-1.0
Tino — ball, no — cereb
e 20 60 80 100 120 140 20 60 " 80 100 120 140
time [sec| time [sec|
PID contribution - wrist pitch DCN contribution - wrist pitch
E . ‘ T X F 10/ o ‘bl cereb |
7""&“ﬂj | — moexball,cereh
~ T I
§ = ‘
=z oy AN
— o
2 4
+H e
(2 -
20 r 60 80 100 120 140 30 20 50 50 100 130 140
time [sec| time [sec]
FIGURE 9 | Wrist pitch experimental results. Resulting angular posin error ey, , comparison experiments | and [(A), comparison experiments Il [\(B). The ;0‘
control input evolution, comparison experiments | and [[C), comparison experiments Il I(D). Control input contributions in experiment IV comparisons &tween: ;"t
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Experiment Il: control input with cerebellum contribution,

without ball disturbance,

tot D PID c1 DCN (no balbl

Experiment 1ll:  control

contribution, with ball disturbance,

tot D

Experiment [V: control

(27)
input without cerebellum
PID (ball)l (28)

input with both cerebellum

contribution and ball disturbance,

tot D PlDC 1 DCN (ba")

(29)

The performance of each experiment will be measured by asalysi
of the mean absolute errdMAE) evolution computed for the
angular position error of each controlled joint (Equation)12

P .
5t &0

k) D
mas,, (k) D 21

fornD O,...N. (30)

The MAE is computed for every trajectory period D
8 s (Equation 3).

3. RESULTS

The software describing the system is based on the RDS(ey
et al., 200p messaging architecture and is integrated in
the Neurorobotics Platform (NRP) Falotico et al., 2037
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TABLE 3 | The mean absolute error (MAE) of the initial and nal period © 4 s).

Ball No ball
Cerebellum No cerebellum Cerebellum No cerebellum

Initial Final Initial Final Initial Final Initial Final

0.4136 0.0241 0.4148 0.1104 0.4068 0.0188 0.4136 0.1037
maey, [rad] 0.0181 0.0085 0.0273 0.0242 0.0120 0.0017 0.0319 0.0075

0.3148 0.0689 0.3168 0.3123 0.3139 0.0671 0.3172 0.3130
maes, lrad] 0.0048 0.0093 0.0070 0.0018 0.0012 0.0031 0.0016 0.0005
maey, [rad] 0.4380 0.0042 0.4395 0.0019 0.4437 0.0037 0.4401 0.0020

0.0045 0.0012 0.0063 0.0001 0.0026 0.0003 0.0013 2.9177e-05

The results express the mean value and standard deviation of the 20 tests run for the four experiments.
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FIGURE 10 | Comparison of the angular position MAE(A) wrist prosup, (B) wrist yaw and (C) wrist pitch. The plots show the results of the 20 tests in terra of mean
value (solid line) and 9% con dence interval (colored area). The vertical green linaedicates the moment the cerebellar-like controller startproviding the corrective
action ¢ D 40s or iteration D 10).

The NRP is a simulation environment based on ROS andctivated aftet D 40 s (or 1th iteration), which is the moment

Gazebo Koenig and Howard, 20Q4which includes a variety all the actuated joints reach a stable con guration (incddhe

of robots, environments and a detailed physics simulatore Thshoulder joints and the elbow). In experiments Il and 1V, thedlb

three wrist motors are controlled in e ort through the Gazebo is launched on the table after D 5 s (purple vertical line in

serviceApplyJointE ort while the elbow and the three shoulder the gures).

motors are controlled in position through their specic ROS  The comparison of the 4 experiments for each controlled

topic. The sensory information from the encoders are reakivejoint are presented separately in 3 parts. In each part, we

with a sampling frequency dkamp D 50 Hz. The computer analyze the joint states, i.égn(t) angular position andkyn(t)

used for the test has thébuntu 16.04 Operating system (OS type velocity Figures 4 6, 8), respect to the control actior~{gures §

64 bit), the Intel Coré i7 770HQ CPU@2.80GHz 8 7, 9). Moreover, we compared the mean absolute error MAE to

processor, and th&eForce GTX056-PClesSSR graphics card. measure the performance of the di erent cases (as reported in
Each experiment was performed 20 times with a total duratiormable 3and illustrated inFigure 10).

of about 3 min. The recorded data was saved in.csv les and

processed for the analysis. The results are expressed as m&afh. \Wrist Prosup

value of the 20 tests, andstandard deviation or 95% con dence |n the details ofFigures 4A,B the corrective action of the

interval. In each experiment, the cerebellar-like circuit iscerebellar-like circuit (Experiments Il, 1V) leadk,o faster to
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the desired trajectory#; o with respect to the case without  The results about the three controlled joints showed a fast
corrections (Experiments |, [[I)}#¢o(t) starts getting closer to the reactive control in the test cases when the cerebellumntikdel
desired position in about one periodl D 4 s after the activation is active, which is even more evident when the ball (random
of the cerebellumKigures 4C,D. In Figures 5A,Bit is evident perturbation) is present as shown iRigures 4 6, 8B,D. An

how the angular position erroez, drops when the cerebellum incremental velocity control input is then provided to the
action grows Figures 5C,D. In particular, the mean absolute controller of the system to deal with the perturbation. The
error drastically decreased by the 95 and 94% in experiment furpose of considering a heterogeneous stochastic dynamical
and IV respectively, while it only decreased by the 74 and 73%imuli (board and ball) was to test and examine the actosati

in Experiment | and Il Figure 10A the numerical results are of incremental learning and adaptation of the cerebellukeli
reported inTable 3. The main di erence between experiments controller and at the same time to con rm its coupling with
with and without ball is the standard deviation. In the nal the feedback control inputs. Previous studies have shown that
period, the experiments with the ball present a larger standarthe feedback processes are omnipresent in voluntary motor
deviation which is 30% (without cerebellum) and 19% (withactions Gcott et al., 20)5and rapid corrective responses occur

cerebellum) respect to the NO ball-case. even for very small disturbances that approach the natural
variability of limb motion. In human beings, these correxts
3.2. Wrist Yaw commonly require increases in muscle activity generateglye

The wrist yaw joint is the most a ected by the cerebellum autio aPplied loadsiashed et al., 20).5By analogy, a similar e ect
In Figure 6, it is evident how with only the PID contribution €an b'e not|ced.a.t10|nt-level in our sygtem. In the experlm.énta
#1(t) presents a constant and large o set with respectta(t). S|tuat|qn, the_ joints that are more in uenced by the limb
As soon as the cerebellum contributidn PN grows (around ~dynamics (wrist prosup and yaw joints) under the e ect of the
the 50 sFigures 7C,D the error descendsH{gures 7A,B. The table and ball increase their control input activity as repreaed
mean absolute error decreases by the 78% in experiment Il ai@ Figures 5 7C,D, while the wrist pitch joint has a much more
IV, while it only drops 1% in experiments | and IIF{gure 108B. reduced ac_tlwty re in uenced by the limb dynamics (wrlst prosu
In the last period, the experiments with the ball have a staddar@nd yaw joints) under the e ect of the table and ball incredsaitt

deviation 30—-33% larger than the NO ball-cases. control input activity as represented frigures 9C,Dcompared
to the previous two joints. This phenomena is also re ected i th
3.3. Wrist Pitch control input provided by the cerebellum-like model. The kegg

On the other hand, the wrist pitch gains from the cerebellarthe position error is at the beginning of the simulation withlg

. : resh i the PID control case (experiments | and Ill) the more e ectivet
action only when the error is larger thﬁ‘ ' which is around . : .
. L 2 . cerebellar-like corrections are (experiments Il and V) asvgh
40-60 s Kigure §), taking into account that the cerebellum is in Figures 5 7, 9A,B. It should be noted that for the wrist pitch
started at D 40's. Thel PN gets more silentRigures 9C-§ 9 I P

when the angular position error is smalFigures 9A.8. In joint the PID controller leads to 0.0 (rad) MAE around 40 s

Figure 10Cis more evident how the cerebellum accelerates thferc.)m the beginning of the simulation. However, among all the

; ) . . ints, the fundamental role of the cerebellum in motor canis
corrective action between iteration 10 and 15 where the MA - L .

. . - con rmed by its anticipatory response for decreasing the erro
with the cerebellum (experiment 1) is 17% lower respect to__ . . - i .
experiment | (in experiment 1V the MAE is 16% lower respectas it is appreciated 'T'F'gure 10 The conFroI system achieved
to experiment Ill). these result by creating up to Gr recepnve eId; per uml at

the granular level (or rather LWPR). IRigure 11, it is possible
to appreciate how the 10 inferior olive signals (in blue) of leac
4. DISCUSSIONS ccm promptly in uence the synaptic weights (in red) between
the PF parallel bers and the PC Purkinje cells (left column),
In this work, a bio-mimetic control scheme is presented in theand the contribution of the inferior olive itself on the DCN Bp
framework of a robotic task, in which simultaneous contrél o Cerebellar nuclei corrective action (right column). In th®-
the object dynamics and of the internal force exerted by th&®CN connection details, the synaptic weights rapidly incrame
robot arm to follow a trajectory with the object attached tas  in the rst tract around 40-60 s where the error is higher and
required. To address multi-joint corrective responses,deiced  then keep increasing slowly for the nal adjustments. On the
and combined three-joint wrist motions. Thus adaptationlski other hand, the PF-PC connection tends to not over-reachat t
are required especially to deal with an external perturbatiomeginning of the simulation around 40-60 s, while it strerggth
acting on the robot-object system. The main observation isvhen the error decline. We assume that this opposite in uence
that plastic mechanisms given by a feed-forward cerebellben- of the 10 on the synaptic weights makes possible the Iterind an
controller e ectively contribute to the learning of the dymécs  the dumping of any external disturbances or high error.
model of the robot arm-object system and to the adaptive This control model proposes a plausible explanation on
corrections in terms of torque commands applied to the jointshow control feedback is used by the central nervous system
These cerebellar torque contributions, together with fetk  (CNS) to correct for intrinsic as well as external sources of
(PID) torque outcome, allow the progressive error reductiondisturbances. Furthermore, the bio-mimetic model représen
by incorporating distributed synaptic plasticity based on theplausible control scheme for voluntary movements that can be
feedback from the actual movement. generalized to control robotic agents without mayor tuniny o
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FIGURE 11 | Learning evolution of the cerebellar-like network in expenent IV: in uence of the inferior olive on the PC-PF parallel drs-Purkinje cells and I0-DCN
inferior olive-Deep cerebellar nuclei connections. The gis show the results of the 20 tests in terms of mean value (sl line) and 9%% con dence interval
(colored area).

the parameters. Our controller with distributed plasticityosvs  proposed model encodes the movement kinematics at the mossy
e cient adjustment of the corrective signal regardless oeth bers level Ebner et al., 20)1and presents a coupling at the
dynamic features of the robot arm and of the way the addedPurkinje layer for velocity and position terms representation
perturbations a ect the dynamics of the arm plant involved. Likewise, the synaptic strengths at PC-DCN level as well the
According to this, the controller (cerebellum-like and BIB  synaptic strengths at 10-DCN level are modulated by signals
adaptable by providing adjustable torque commands among thelated to position or velocity. The mossy bers are conndcte
joints to overcome external dynamic and stochastic perttidos  to the DCN and to some granular cells to convey the e erence
and to have a both fast and precise movement. This replies to owopy or motor command information. The IO cells are devoted
guestion about if the sensory-motor information extrapadat to teaching signal error transmission in terms of position
made by the cerebellum-like facilitates motor predictiondan and velocity errors. The teaching errors modulate the syicapt
adaptation in changing conditions. It should be noted thaéth strengths at PF-PC and I0-DCN levels.
adaptation mechanism adopted here is not constrained to any Tokuda et al. (2017)postulated that high dimensionality
specic plant or testing framework, and could therefore beproblem (high-dimensional sensory-motor inputs vs. low
extrapolated to other common testing paradigms. training data) is accomplished by the cerebellum by reguatin
D'Angelo et al. (2016Jlustrated in their paper the schematic the synchronous ring activities of the inferior olive (1O)
representation of how the core cerebellar microcircuit ise@ti neurons. Though the implementation of coupling mechanisms
inside the whole brain. The proposed cerebellar-like model haat the inferior olive cells would be an interesting work to bav
been designed in analogy with it. In contrast wiHtarrido Alcazar  better explanation on multiple joint control. This extensiooutd
et al. (2013)Casellato et al. (2014Antonietti et al. (2017)the  also provide additional insights into the internal connedty
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of the cerebellar microcomplex. Further investigation wid b

feedback {oziol et al., 201¢ By our simulations, we suggest

possible in the future of how specic properties of the cellsthat such behavior can be conrmed. Indeed, the cerebellar-
of the network topology and synaptic adaptation mechanisméike contributions drive the feedback controller towardttes

complement each other in the bio-inspired architecture.

4.1. Neural Basis of Feedback Control for
Voluntary Movements

accuracy and precision of the movement. In the future,
a visual feedback input will be considered to probe the
sophistication of feedback control processing and cerablitia
learning consolidation.

Feedback control of movement is essential to guarantee
movement success especially to compensate for perturbatighUTHOR CONTRIBUTIONS

arising from the interaction with the external world. Di erén

brain areas (primary motor cortex, primary somatosensonMC and ST conceived and designed the experiments,

cortex, cerebellum, supplementary motor area, etc.) are\edo

during a voluntary movement and cooperate in many level¢he architecture and performed

analyzed the data, and wrote the paper. MC implemented
the experiments. EA

of hierarchy. Feedback control theory might be the key foicontributed to materials and analysis tools. HL and EF reegitw
understanding how the previous areas plan and control théhe paper.

movement hierarchically. By using control terminology rithg
the voluntary movement of a limb, the primary motor cortex
acts as a controller, and the limb connected to neuronaluisc
becomes the controlled object.
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