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RobotsoutsidefactoriesX

ILEEGENE X need to negotiate realvorld environments and promptly react to
INSTITUTE

changes and unexpected situations

Scuola Superiore . .
/ Sant’Anna Biological systems stand
as an excellent source
of Inspiration

Underwaterapplications
AUnstructuredenvironments
AWorkspacesharedamongpeople
androbots
i, APerception
Spaceapplications AReactivebehaviour




Bioinspirationand biomimetics

A Using principles in biology to stimulate research in-non
biological science and technology

A Otto Schmitt, an Americaacademicand inventorcoined
the term biomimeticsto describethe transfer ofideas
from biologyto technology

A Theterm biomimeticsonly enteredthe Websters
Dictionary in 1974 ant definedas"the study of the
formation, structure, orfunction of biologicallyproduced
substancesand materials(asenzymesor silk) and
biologicalmechanismsand processegasprotein
synthesior photosynthesiyespeciallyfor the purposeof
synthesizingimilarproducts byartificialmechanisms
whichmimicnaturalones'.




Bioinspirationand biomimetics

Interdisciplinarity.

Bringbiologistsinto biomimetics a9 y.EI A y SSNR2 OKSYA aua Fy
from biological systems for human applications mus

GSIFEY dzLJ 6 A0K oA2f23Aada

TRENDS IN BIOMIMETICS & w Kelver than 8%of the nearly 300 studies
A search of the more than 25,000 papers in : : : : :
biomimicry shows the rising interest in the field on bI.OmImetI(:‘.SpUb“Shed in the paSt 3 months
over the past decade, but studies are mainly and indexed in the Thomson Reuters Web of
restricted to the physical sciences. . : : .
Scienceénad an author working in a biology
A2 —Cfemitti 4 departmentt | ONXzRS LINR Eée -
== Materials ., 7 . « .
S Engifieerinig ad wX6 2 A & milichBedzyided species
Bl - landimelectlar . and probably some 9 million eukaryotic specie:

biology . : . . . .
In existence, researchers pursuing biomimetic

approaches have barescratched the surface
of biological inspiratior €

Number of papers

More biology education for engineers, in
academy and in industry

0 | 1 | | | |
1994 1998 2002 2006 2010 2014

Emilie Sneliv 2 2 RitErdisciplinarity Bring

Data obtained by searching the Web
of Science Core Collection with the

bl T J Piologists intobiomimetice Bature529, 277

278(21 January 2016) doi:10.1038/529277§%
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Velcroresulted in 1948 from a Swiss engineer, M. R. Cutkosky, Climbing with adhesiory
George deéMestral, seeing how the hooks of a  Frombioinspirationto biounderstanding
plant burrs Arctiumlappa & ( dzO1 (2 K khitérfade ZaauB20150MbI2015).




Exampleof bioinspiration and biomimetics

TheEiffel Tower the perfect structure of trabecular struts in the head of the human femur inspired a
French engineer at the end of thel€entury. He was intended to design the higher structure all the
world. The name of this engineer is Gustave Eiffel. In 1889 the Tower is completed.
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NEW SCIEN

Y Applications

%«»’% NEW TECHNOL

Biomimeticrobotics
A developingrobotsfor reakworld applications

A studyingbiologicalsystemsby robotic platforms
Unified approachto the study of living organismsand robots




Biorobotics Science and Engineering

Science Robotics....

Home Journals Topics Careers

Science Science Advances  Science Immunology  Science Robotics  Science Signaling  Science Translational Medicine

Free access to
Science Robotics

B | oro b0t| CSSC | ence st <§4 Q.
using robotics to \
discover new principles

MORE FROM SCIENCE ROBOTICS

- Currant Tahla of Cantante

Contents =

Science for Robotics and Robotics for Science

B i O ro bOti CS E n g i n e e ri n g Paolo Dario, Editorial Board

Scuola Superiore Sant'’Anna, Pisa, Italy

2 b t - t One of the ambitions of Science Robotics is to root robotics research deeply into science.

u S I n g ro O I CS O Biorobotics represents such an ambition: It keeps the living world (and thus life sciences) at its
core and investigates different applications of bioinspired machines and robots, as well as

= . validates scientific hypotheses. The power of the latter is somewhat underestimated, but in

I n Ve nt n eW S O | u tl O n x ¢ fact it may represent what really makes robotics worthy of constituting a scientific and not
only a technological or engineering pursuit. Robotics science can be pursued in two different
ways: the first, according to the model of synthetic science, in which engineers create new
knowledge (and thus science) by addressing and solving a series of problems; the second, by

using robots to unveil natural principles. The latter approach has been pursued explicitly by
some seminal papers in robotics that have appeared in the past 15 years.




Bioinspirationand biomimetics

Goals of natural selection

- Survival
- Reproduction

Result of incremental adaptations
Not optimal design

O0Simply copying a biological system s either not feasible (even a
singleneuronis too complicatedto be synthesizedartificially in every
detail) or is of little interest (animals have to satisfy multiple
constraints that do not apply to robots, such as keeping their
metabolismrunningand getting rid of parasites)or the technological
solution is superior to the one found in nature (for example,the
biologicalequivalentof the wheelhasyet to be discovered)

Rather,the goalis to work out principles of biological gy¢a
systemsandtransferthoseto robot designe ori
Rolf Pfeifer

ey

R.Pfeifer M. LungarellaF.lida(2007). "SeHOrganizationEmbodiment andBiologically

InspiredRobotics, Scienc&18, 1088
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Robotvision

Bioinspireavision

Robotsensors

Robotmechanics
andkinematics

Embodiedntelligence|
SoftRobotics

Robot control Neurocontrollers

Robotbehaviour Predictivebehaviour
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Robotmechanics
andkinematics

Embodiedntelligence
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Robot control Neurocontrollers

Robotbehaviour Predictivebehaviour




Embodied Intelligence: the moder

THE BIOROBOTICS

view of Artificial Intelligence
Scuola Superiore
8% . ) Sant’Anna
Modern approach
Classicaapproach The focusson interactionwith the
The focusson thebrainand environment Cognitionis emergentfrom

centralprocessing systemenvironmentinteraction

Rolf Pfeifer and Josh Bongard How the body shapes the way we think: a new viev
intelligence The MIT Press, Cambridge, MA, 2007



e Propertiesof complete agents
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1. They are subject to the laws of phy<esergy dissipation,
friction, gravity).

2. They generate sensory stimulatitnmtough motion and
generally through interaction with the real world.

3. They affect the environmeftiroughbehavior

4. They are complex dynamical systentsch, when they
Interact with the environment, havattractor states

5. They perform morphological computation.

These properties are simply unavoidable consequences of

embodiment

These are also the properties that can be exploited for

generatingoehavior and how this can be done is specified in the

design principles.

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligefioe MIT Press, Cambridge, MA, 2



e Propertiesof complete agents

INSTITUTE

s ' .
% | Scuola Superiore
/ Sant ' Anna

o G

1. A complete agent is subject to the laws of physics.

Walking requires energy, friction, and gravity in order to work.
Because the agent is embodied, it is a physical system (biologic
or not) and thus subject to the laws of physics from which it
cannot possibly escape; it must comply with them. If an agent
jumps up in the air, gravity will inevitably pull it back to the

ground.

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftoe MIT Press, Cambridge, MA, 2



e Propertiesof complete agents
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2. A complete agent generates sensory stimulation.

When we walk, we generate sensory stimulation, whether we
like it or not: when we move, objects seem to flow past us (this i
known as optic flow);

by moving we induce wind that we then sense with our skin and
our hair;

walking also produces pressure patterns on our feet;

and we can feel the regular flexing and relaxing of our muscles «
our legs move.

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftloe MIT Press, Cambridge, MA, 2



e Propertiesof complete agents
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3. A complete agent affects its environment.

When we walk across a lawn, the grass is crushed underfoot;
when we breathe, we blow air into the environment;

when we walk and burn energy, we heat the environment;

when we drink from a cup, we reduce the amount of liquid in the
glass;

when we drop a cup it breaks;

when we talk we put pressure waves out into the air;

when we sit down in a chair it squeaks and the cushion is
squashed.

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftloe MIT Press, Cambridge, MA, 2



s Propertiesof complete agents
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Agents are dynamical systems, and as such th&y
have a tendency to settle into swalled attractor
states. Horses, for example, can walk, trot,
canter, and gallop, and weor at least experts
can clearly identify when the horse is in one of
these walking modes, or gaits, the more technic=
word for thesebehaviors
These gaits can be viewedatractor states The
horse is always in one of these states, except for
short periods of time when it transitions between
two of them, for example from canter to gallop. —— "\ " : e —
: (Jumping] % (walking { _[skipping )
We should point out here that the attractor T |] trotting n
states into which an agent settles are always the —
result of the interaction of three systems: the
I 3SyiQa 62ReéX AGa oNIAY 62N O2yGNRE &aeai
environment.
Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftoe MIT Press, Cambridge, MA, 2




e Propertiesof complete agents
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5. Complete agents perform morphological computation.

& GY2NLIK2f23IAO0Ft O2YLMzil A2y ¢ 6S
by the body that otherwise would have to be performed by the brain.
'y SEFYLXS Aa GKS FIFOG GKI{G GKS Kdz
that the knee, when the leg impacts the ground while running, performs smal
adaptive movements without neural control.
The control is supplied by the musd¢tndon system itself, which is part of the
morphology of the agent.
It is interesting to note that systems that are not complete, in the sense of the
word used here, hardly ever possess all of these properties. For example, a\
system consisting of a fixed camera and a desktop computer does not gener.
sensory stimulation because it cannot produehavior and it influences the
environment only by emitting heat and light from the computer screen. Morec
it does not perform morphological computation and does not have physical

attractor states that could be useful to the system.
Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftloe MIT Press, Cambridge, MA, 2



s Morphological computation
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Information self-structuring

Controller ‘
Central nervous system \

| —

Motor Sensory
commands feedback
Body dynamics/morphology
Mechanical system ﬂ Sensory system
"""""""" = N [ttt ittt
R, physical Sensory receptors
stimulation
Mechanical External
feedback physical

Movement

Tghk-environment b

Ecological niche $

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftoe MIT Press, Cambridge, MA, 2



Morphological Computation

As any transformation of information can be namecdccamputing Morphological
Computationendows all those behaviours where computing is mediated by the
mechanical properties of the physical body

The arrangement

of the motor, perceptive and processi
units

The shape The mechanical properties

as body structure, specifies the allow emergentehaviorsand highly
behavioral response of the agent adaptive interaction with the environmen

Zambrano DCianchettia = [ F AOKA [/ oOoHAMNUO AG¢CKS a2 NLIKA
bSé tI N¥RAIY T2 NpinchHaddiGutidoks da Marghglagicah Gomputati
H. Hauser, R. MklchslinR. Pfeifer&d.g, pp. 214225.




MorphologicalComputationX Y 2 NiBcisely

A) Morphologyfacilitating  B)Morphologyfacilitating C)Morphological
control perception Computation

—y1(t)

>0 (1)

Reservoir computing
Physicabody actsasa

reservoir
Passivevalker
http://www.space- Co_mpounobyes
eight.com/walker.html| Objectsnearbymovefaster across the

visual field than objects farther away

V.C. Muller, M. HoffmannWhatis morphologicacomputatiorf? Onhow

bodycontributesto congnitionand control" Artificial Life23:1-24 (2017)


https://www.google.it/search?q=passive+walker&oq=passive+walker&aqs=chrome..69i57j0l5.3758j0j7&sourceid=chrome&ie=UTF-8#q=passive+walker&tbm=vid
http://www.space-eight.com/walker.html

mmmey Agent Design Principle 1
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Thethree-costituentsprinciple

A define the ecological niche ENVIRONMEN
A define the desired behaviour and tasksTASK
A design the agent BODY

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftoe MIT Press, Cambridge, MA, 2



ey Agent Design Principle 2
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Thecomplete-agentprinciple
A think aboutthe complete agenbehavingin thereal
world

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftoe MIT Press, Cambridge, MA, 2



mmmey Agent Design Principle 3
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Cheap design

A If agents are built to
exploit the properties of
the ecological niche and
the characteristics of the
Interaction with the
environment, their
design and construction
will be much easier, or

WOKS I LIS NI http://www.space-eight.com/walker.htm|

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftoe MIT Press, Cambridge, MA, 2

Passive

walker



https://www.google.it/search?q=passive+walker&oq=passive+walker&aqs=chrome..69i57j0l5.3758j0j7&sourceid=chrome&ie=UTF-8#q=passive+walker&tbm=vid
http://www.space-eight.com/walker.html

e Agent Design Principle 4
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Redundancy
A Intelligent agents must be designed in such a way
that
(a) their different subsystems function on the basis
of different physical processes, and
(b) there Is partial overlap of functionality between
the different subsystems

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftoe MIT Press, Cambridge, MA, 2
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SensoryMotor Coordinatiorn

A through sensorymotor
coordination, structured
sensory stimulation is
iInduced.

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftoe MIT Press, Cambridge, MA, 2



ey Agent Design Principle 6
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Ecologicabalance

1. given a certain task
environment, there has to
be a match between the
() 2 Y LIt g E A l] A é SFromCgiming Moﬂt Ipepr abIblea?iné

A snail'with humasnike, and humarsized, eyes.

sensory, motor, and neurdahis snail would have a hard time carrying alc
these giant eyes, but more importantly, they

SyStemS would be only moderately useful, if at all: why
er detecting fasimoving predators if you

2' there iS a Certain balance Eﬁm\ot run away from them, or detecting
task distribution between running prey if you are vegetarian? The

complexity, weight, and size of the human ey

morph0|ogy’ materials,  would only constitute unnecessary baggage,
: an example of an entirely unbalanced system
control, and environment.

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftloe MIT Press, Cambridge, MA, 2
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Parallel looselycoupledprocesses
Intelligence is emergent from a large number of paralle

processes that are often coordinated through
embodiment, in particular via the embodied interaction

with the environment

Reactivearchitecturesl

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftoe MIT Press, Cambridge, MA, 2



mmmey Agent Design Principle 8
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Value

agents are equipped with a value system which
constitutes a basic set of assumptions about what Is
good for the agent

Rolf Pfeifer & Josh Bongard How the body shapes the way we think: a new view of intelligeftoe MIT Press, Cambridge, MA, 2



Embodied Intelligence and
soft robotics

THE BIOROBOTICS
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Any cognitive activity arises from thateraction
between the body, the brain and the
environment.

Adaptive behaviour is not just control and

computation, but it emerges from the complex

and dynamic interaction between the
morphology of the body, sensoemotor control,
and environment.

Many tasks become much easier if
morphological computation is taken into
account.

=> A new sofbodywareis needed

Modern approach
The focugsoninteractionwith the
environment Cognitionis emergentfrom
systemenvironmentinteraction

Rolf Pfeifer and Josh Bongard How the body shapes the way we think: a new view of
intelligence The MIT Press, Cambridge, MA, 2007



THE BIOROBOTICS
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Variableimpedanceactuatorsand
stiffnesscontrol

A mechanically (or passively) compliant
joints with variable stiffness
A complianceor impedancecontrol

IEEE Robotics and Automation Magaz

Special Issue on Soft Robotics, 2008

Defining Soft Robotics

classification

Use of softmaterialsin robotics

A Robotsmade of softmaterialsor
structuresthat undergohigh
deformationsin interaction

A Softactuatorsand softcomponents

OHAMNOU
NEperspectives for robobodywarel y R O FxbritidtRiri
Bioengineering & Biotechnolog®(3)

Laschi C. an@ianchettia ® a{ 2



THE BIOROBOTICS
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A The vast majority of animals are soft
bodied

A Animals with stiff exoskeletons such
as insects have loAged life stages
wherein they are almost entirely soft
(maggots, grubs, and caterpillars).

A Animals with stiff endoskeletons are
mainly composed of soft tissues and
liquids. Mg

RUA gg(' Wz

Kim S., Laschi C., and Trimmer B. (2013) Soft robotics: a bioinspired

evolution in roboticsTrends in Biotechnologgpril 2013.

| W argnfaliver!ld

the human skeleton typically
contributes only 11% of the body
mass of an adult male

head

forearmn

small of the bacl
walst v hip

buttocks

thigh

calf

heel
arch of the foot

instep !__ball of the foot

!oenalh ankle

_: foot

big toelé‘“ \—|—|

sole

skeletal muscle contributes an
average 42% of body mass
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A Soft animals tend to bemallbecause
it Is difficult for them to support their
own body weight without a skeleton.

A All of the extremely large soft

Invertebrates are found either
A in water (squid and jellyfish) or
A underground(giant earthworms),
where their body is supported by the &

surrounding medium.

Kim S., Laschi C., and Trimmer B. (2013) Soft robotics: a bioinspired evolution in
robotics, Trends in Biotechnologypril 2013.
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Ad{ DRRASR NRO62UAaE¢ Z-bodligd Iy
animals

Kim S., Laschi C., and Trimmer B. (2013) Soft robotics: a bioinspired evolut
In robotics,Trends in Biotechnologpril 2013.

S,

Photo credits: Massime Brega, The Lighthouse

Adwz2o20a o0dAfld SgAGK az27d
Laschi C. an@ianchetta @ éHnanmMn0O a{2F0 w2020A03
bodywarel ¥y R O Fronitidt®iri Bioengineering & Biotechnolpg(B)
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AaaeadsSya GKFG NS OFLI oftS 27
primarily composed of materials with moduli in the range of that c
a2F0 o0A2f23A0FE YIFOGSNRI T ac¢
D.Rus M. T.Tolley, Design, fabrication and control of soft robotature521, 467475 (2015)
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Young's modulus (Pa)

Figure 2 | Approximate tensile modulus (Young’s modulus) of selected engineering and biological materials. Soft robots are composed primarily of
materials with moduli comparable with those of soft biological materials (muscles, skin, cartilage, and so on), or of less than around 1 gigapascal. These
materials exhibit considerable compliance under normal loading conditions.

Aadaz2F M idSNI N2Eo20UAO&EY2 Y aBGRY @YL
YIUOUSNE dzaSR F2NJ Yl USNRMIf a

L. Wang, F. lida, Deformation in Shfatter Robotics: A Categorization and Quantital

CharacterizationlEEE Robotics & Automation MagazZa2¢3), 125139 (2015)



Defining Soft Robotics

Definition of SoftRoboticsby RoboSoft Community

THE BIOROBOTICS

RoboSoftisa CoordinationAction on SoftRoboticsfunded by the EuropeanCommission
& e TheRoboSoft Community accounts for 34nember institutions for atotal of 100+scientists




“Soft robot/devices that can actively interact with the environment and can
undergo ‘large’ deformations relying on inherent or structural compliance”

Soft Robotics may exploit materials which present:

- INHERENT MATERIAL compliance: bulk material proper ‘; |
6StI ali2YSNRZ f2¢g Stlaidano I o

M. Wehner, R.LTruby, D.J. Fitzgerald, Blosadegh G.M.Whitesides
J.A. Lewis, R.J. Wood, iAtegrateddesign andabricationstrategyfor
entirely soft, autonomousrobots, Nature536, 451455

= STRUCTURAL compliance: geometric features or arrangement can
allow magnified strains compared with local material deformation

Low ElasticModulus SoftRobotics

HighElasticModulus » HardRobotics

C. Laschi, B. Mazzolai, M. Cianchetti, "8xdfotics technologiesand systems

pushingthe boundariesof robot abilities', Sciencdroboticsl(1), 2016
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Robotvision Bioinspireavision

Robotsensors Vestibularsystem

Robotmechanics
andkinematics
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Soft Robotics

Robot control

Neurocontrollers

Robotbehaviour Predictivebehaviour




Octopusinspiredrobot arm

wSilicone

w9 sections of
transverse and
longitudinal
cables (coupled

wCables pulled b
electric motors

wSimple
activation
pattern:
sequential
activation of
sections, with
equal activation
of 4longk
transverse
cables per
section

Cianchettj M., Arienti, A., Follador M., Mazzolaj B., Dario, P, Laschi C

/ MaterialsScienceind Engineerindg:, Vol.31, 2011, pp.1230-1239

& 5 S &dngeptandvalidationof arobotic arminspiredbythe 2 O i 2 JJdz3

Image: Massimo Brega



Soft robot control

Hard Hyper redundant
F R O M . Discrete Continuum
Joint ;pos‘itiﬁ)ﬂs P@Slﬁl@ﬂ , Non-Redundant Redundant Soft
(angley orientation, force -~ 9 '
) FE
Jointspace S e
- ] -~

Encoders, Pressure, Ex: Cable Lengths, Position, 4 N

Voltage, Torque Cable Tension Arc Parameters Orientation, Force Model C based

Actuator T Configuration Task Approaches
Space Space Space \_
Manipulator and Manipulator Manipulator 4 Mo d e |C Free )
Actuator Specilic Specific Independent .
(learningbased)

(_approaches

T. GeorgeThuruthel, Y. Ansari,E Falotico,C. Laschi2018 ¢ / 2 y (i N2 f

Strategiedor soft robotic manipulators a& dzNJB8fERébbticsH(2)




Model-basedapproachedor soft robot control

/ Constant Curvature Model \ / CosseratRod Model \ / \

{ P ¢
NS e Ui
4 & .
Ty l N
- ”’ X

LumpedParameter Model

Discretizedfunctions
Finite Element Method

Continuousfunctions

T GeorgeThuruthel, Y. Ansari,E Falotico,C Laschi201§ a / 2 y i N f
Strategiedor soft robotic manipulators ad dzNJZBsfERéDticS(2)



Encoders, Pressure, Ex: Cable Lengths, P z Position,
odel-pasedapproacnesor Sott ropdot contro Volage Torque CabloTenson. AP orienaton, Force
Actuator Configuration Task
. Space Space Space
B aS e Cb n C O.r] 0 d e I I n g Manipulator and Manipulator Manipulator

Actuator Specific Specific Independent
-
— > Yy ocknese G p JSAS| U yf Lowlevel | U of yporipuiator [—y—» ClOSEG“OOp taSkSpacecontroller

Optimization IK Controller

Camarillo DB, Carlson CR, Salisbury Jkspask control of continuum manipulators with coupled tendon driveEkperimental Robotics.
Springer Tracts in Advanced Robgoted54. Khatib O, Kumar V, Pappas&iB( Berlin, Heidelberg; Springer: 2009, pp. &Z40.

L?Pm—iil)—»“ﬁ oA s e Ll v > Closedloop controller in taskspace

BajoA, Goldman RSimaarN. Configuration and joint feedback for enhanced performance of maiiment continuum robot2011 IEEE
International Conference on Robotics and Automation (ICR¥anghai, China, 2011.

A 4

Y

* +
* |T.8-48] |9 + + 9 |Js-As| U | LowlLevel u ) x
" K \ PID IK Controller Menipuiney

r

Closedoop controller in jointspace

T |T8-48
1K

PenningRJung J, Ferrier N, ZifhAnevaluation ofclosedloopcontrol options for continuum manipulator@012 IEEE International Conferenc
on Robotics and AutomatiqhtCRA)Saint Paul, MN, 2012.
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Encoders, Pressure, Ex: Cable Lengths, ArcP z osition,
odel-pasedapproacnesor Sott ropdot contro Volag,Torgue cabl Tension re AT Orentation,Fore
onfiguration ‘as|

Actuator
Space

Discussion
A Mostwidelyusedin quasistatic conditions

A Mostlyrelyingon CGapproximation

A More complexmodelsare computationallyexpensive

A

Needfor alternativemethods better addressindghe
complexityof soft robot controlat affordable
computationalcost

=> modelfree approaches
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Model-free approachedor soft robot control

CCED g7 T Tt N e \
C 1 Feedforward Neural Networks ) =
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% i ‘ : CEL — ¥y
I NN
g . : OO
= P 5 N
3 , S 0
2 ,' :
(D \ ___________________ ’, q) /
8) e
E ,f ------------------- ~N
= A ~pit - -
8 [ SOM and Growing Neural Gas \I = / Actor-Critic Policy-Gradient \
1 : “.):\" L u.\'f; & : ) = Policy
ERREE- .34 P =
m I 50., 0" e 4 * 1 8 .E
.S 1 . | # i 1 e,
c : % . ‘;’ 53 : HQ 8 stat actiof
[}) IE 4 Ll i °
1 - B :” 1 c
% i % 2 ¥ b : S -
g |\\ 30 data sample I . ted --,[ D: \ —‘ Environment ‘44
) N o -

T. GeorgeThuruthel, Y. Ansari,E Falotico,C. Laschi2018 ¢ / 2 y (i N2 f

Strategiedor soft robotic manipulators a& dzNJB8fERébbticsH(2)




Model-free approachedor soft robot control O o ol s e

Actuator Joint Space Configuration Task
Space P Space Space

ModeHree closedloop taskspacecontroller b g
|v * x,* | Leamned . .
il s Xm a |us-As| v Low Level | Y . X
: PID 'r.slkJ.s —>" > Controller |—>| Manipulator »

Rolf M,SteilJJ. Efficient exploratory learning of inverse kinematics on a bionic elephant k. Trans Neufdetw LearnSyst2014;25:114¢1160.

TASK SPACE () JOINT SPACE
LearningbasedControl,by learningthe Y -
inversemodel :

udy T,

Learning by collecting points and
exploitingthe approximationcapability Endeffector

. Cable
of a FNN asfor rigid robots position

Tension

GiorelliM, Renda F, Calisti M, Arienti A, Ferri G, LaScNieural network and Jacobian method for solving the inverse statics of a
cabledriven soft arm witmonconstantcurvature IEEE Trans Roli2015;31:828834.

GiorelliM, Renda F, Calisti M, Arienti A, Ferri G, La3chearning the inverse kinetics of an octolikis manipulator in three
dimensional spacaioinspiBiomim2015; 10:035006.
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Comparisonof a modetbasedand a modelfree approaches

control the endeffector positionthroughthe cabletension

1. Jacobiarbasedinverse y
StaticController

2. LearningbasedControl, by
learningthe inverse model.

Cosserabasedmodel

u’. | Jacobian | Y _ Soft u. g,

> > —(O—
Method Arm - JM Mean 0-27

u’, ct |  Soft u E,
> FNN arm Max 0.32
Endeffector NN Mean 0.73
position Tension (0.125ms) Std 0.55
Max 3.1

Giorelli, M., Renda,F, Calisti,M., Arienti, A., Ferri, G,, & Laschi,C (2015. Neural network and

Jacobianmethod for solving the inverse statics of a cabledriven soft arm with nonconstant
curvature IEEHTransaction®n Robotics31(4), 823-834.




Comparisonof a modetbasedand a modelfree approaches

1. Jacobiamasedinverse control the endeffector positionthroughthe cabletension

StaticController
2. LearningbasedControl, by
learningthe inverse model.

T* v ) Method Absolute (mm) Percentage (%)
1 u‘. | Jacobian | soft UL E,
Method - Arm i Jacobian  mean 15.12 54
method sid 8.10 2.89
T* max 31.76 11.34
2 PY% 43.18
r
ud, ENN c*t_ Soft U, E. FNN mean 7.35 2.62
= i Arm O._ » stel 4.75 1.7
E d ff max 22.22 7.94
naetftector . Do 91
" CableTension :
position

Giorelli, M., Renda,F, Calisti,M., Arienti, A., Ferri, G,, & Laschi,C (2015. Neural network and

Jacobianmethod for solving the inverse statics of a cabledriven soft arm with nonconstant
curvature IEEHTansaction®n Robotics31(4), 823-834.




Comparisonof a modetbasedand a modelfree approaches

Tye =
Tie -

Rmax

Inaccuracies Jacobian FNN
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2-D Space
2 Cables
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Input
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Position 040
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——= Jacobian Method
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Giorelli,M., RendaF, Calisti,M., Arienti, A., Ferri,G., & LaschiC (2015. Neuralnetwork and Jacobian

method for solvingthe inversestaticsof a cabledriven soft arm with nonconstantcurvature IEEE

Transaction®n Robotics31(4), 823-834.



Inverse Kinematic Controller Line Following

Kinematics: based on steady state assumptions

e UAA = Yo ((AYA

Learning aDifferential Inverse Kinematic®rmulation :e  0( &) A
This allows for redundancy resolution, robustness to modelling e
The learned mapping is(» ,ahe0 @ Y

LEARNING

OUUS SOVLTULRUNRSES SPUUUS. SO WSS WS, yopp—

A 2000 sample points divided in the ratio
70:30 for training and testing respectively
A 2 hours for data collection, training, sep

TESTS

25 randompoints selectedfrom workspace
Mean Error  Standard

Deviation
Position (mm) 5.58 3.08
é— ax.|s ro:a:.lon Egegrees; i;j i;é I-Support Prototype J
- axis rotation (degrees . . . .
) ) SixDoFHybrid System
Z- axis rotation (degrees) 3.85 7.02 y y AT ORI A

(Pneumatic and Tendor

GeorgeThuruthelT, Falotico E., et al. "Learning closed loop kinematic controllers for

continuum manipulators in unstructured environment&6ft roboticst.3 (2017): 28296.




Model-free approachedor soft robot control Sl e gremeagors
Discussion Zﬁ’éﬁ:;’,";i S
A Noneedfor definingthe parametersof the
configurationspaceor joint space

A Independentfrom manipulatorshape

A Arbitrarily complexkinematicmodels
dependingon sample data andensorynoise

A Better performance withhighlynonlinear
non-uniform, gravityinfluencedsystems

A Suitablefor unstructuredenvironments
where modellingis almostimpossible

Better encodingof morphologicalcomputation?
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Dynamic Controllerg open loop —— ecurentnewa

Controlling the soft manipulator both in Network
space and time -
1 e

Slow circle task

Z Axis [mm]

Static Boundaries

-100

100

0 200
X Axis[mm]

Static workspace




SeltStabilizing Trajectories

' The unique dynamics of a soft

THE BIORGBOTCS manipulator exhibits larger number

Stable Open Loop Control of Soft
Robotic Manipulators

Thomas George Thuruthel, Egidio Falotico, Mariangela Manti
and Cecilia Laschi, Senior Member, |IEEE

Manipulators.|IEEE Robotics and Automation Lett8(8), 12921298

o of dynamic attractors that can be
B ) S Anna used for stable open loop control

i
H
i i

’ kY
Jjumping I"*, walking | ' [E;Ipping ;"
i R
trotting
o




—reeeren  SUMMaryof bioinspiredapproachedo

INSTITUTE

robotics (in this courseX v
.'é‘ ‘: Si'llt)‘|.‘l .\'ll[“'l'iul't'
/ dant Anna

Robotvision Bioinspireavision

Robotsensors Vestibularsystem

Robotmechanics
andkinematics

Embodiedntelligence|
Soft Robotics

Robot control Neurocontrollers

Robotbehaviour A{ Predictivebehaviour




BehaviourPerceptionActionloops
Roboticgperceptionandactionarchitectures
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Figure 1: The traditional model where cognition mediates between
perceptions and plans of actions.

R. BrooksCambrian IntelligenceMIT Press, 2000



BehaviourPerceptionActionloops
Natural perception and action pathways

from Kandel et al Principleof NeuroscienceMcGrawHill




Natural perception and action pathways
Perceptiorand actionnot sodifferentX

from Kandel et al Principleof NeuroscienceMcGrawHill




Delays in the human nervous system

& Lmyotor control delays arise in sensorytransduction, central processing and in the motor output.
Sensoitransductionlatenciesare mostnoticeablein the visualsystemwherethe retina introducesa delay
of 30-60 ms, but sensoryconductiondelayscanalsobe appreciable Centraldelaysare also presentdue
to suchill-defined eventssuchasneuralcomputation,decisionmakingand the bottlenecksin processing
command Delaysin the motor output result from motorneuronal axonal conduction delays, muscle
eX|ctat|oncontract|on delays,and phaselagsdue to the intertia of the system Thesedelayscombineto

0j\e navoidable feedback dela he negative feedbackcontrol loop, and can lie between
{ about 30 msfr aspinalreflex up tQ 200300ms or avisuallyguidedresponses

wod/ ® aAlffsX 50WP 2SANE 5dad 22fLISNIZ chc,m_;'
Journal of Motor Behavipwol. 25, no. 3, pp. 26316, 1993

OFast and coordinated arm movemerm@nnot be executedinder pure |
feedback controbecause biological feedbatdops are both too slow and /
have small gairgs

M. Kawatq Internal models for motor control anlajectory planningCurrent Opinion in
Neurobiology 9, 718727(1999). Elsevier Science Ltd.

A.Berthoz Lesensdu mouvementOdileJacob, Paris, 1997

wh{ d® W2KIyaazys> aG{Syaz2NE Ay Lz
Sensory Guidance of Movemenishn Wiley, Chichester, UK, pp-5851998




Predictionand anticipation strategies
In the human brain

In humans, perception is not just the interpretation of senspr
signals, but a prediction of conseqguences of actions

G t S N Sabhie defingdasa simulatedaction: | .
perceptual activity is not confined to the &

Interpretation of sensory information but it
anticipatesthe consequencesf action,soit isan
Internal simulationof action

Eachtime it is engagedin an action, the brain
constructs hypotheses about the state of a
variegated group of sensory parameters @
throughoutthe movemente ’

y |
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BerthozA. (2002)¢ KS o0 NI Ay Qa & Hafuar8 UrivarsityyP2e



Fromhierarchicalto reactive
architecturesin robotics

WoaLd WorLd

PTION Action|

f\ )

Figure 1: The traditional model where cognition mediates between = S
perceptions and plans of actions.

Figure 2: The new model, where the perceptual and action subsystems
are all there really is. Cognition is only in the eye of an observer.

R.Brooks, YO NA Iy LMITUPEEsi 2D Sy OS ¢
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