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Bioinspiration
Nevertheless... Xy I (1dzNJF f &St SOUA :

Organisms that are capable of surviving are not necessantignal for
their performance.

Theyneedto survivelongenoughto reproduce
Models are never complete or correct: need to interpret with caution.

OdSimplycopyinga biologicalsystemis either not feasible (even
a singleneuronis too complicatedto be synthesizedartificially
In every detail) or is of little interest (animalshaveto satisfy
e multiple constraints that do not apply to robots, such as
. keepingtheir metabolismrunning and getting rid of parasites),
or the technologicalsolution is superior to the one found in
nature (for example,the biologicalequivalentof the wheel has
yetto be discovered)

Rather,the goalis to work out principles of biological |
systemsandtransferthoseto robot designe RolfPfeifer PriNgFpIes

R.Pfeifer M. LungarellaF.lida, "SeltOrganizationEmbodiment andBiologicallyinspiredRobotics,

Scienc&18, 1088 (2007)




Lessongrom Nature:
M simplifying principles
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Studying living organisms and
_ understanding what makes their
Rathertoo simple? behaviorso smart and efficient

Toocomplex?

www.ghulmil.com

In robotics we needsimplifying principlesfor control andbehavior




Simplexity

Simplexity comprisesa collection of solutions that can be observedin living
organismswvhich,despitethe complexityof the world in whichthey live, allows
them to act and project the consequence®f their actionsinto the future.

It Is not a matter of simplified model adoption, but rather an approachto
usingsimplifyingprinciples
Biologicabystemscanuse

Multiple referenceframes N——
Anticipationandprediction - 1 -
Inhibitionto selectandadapt Slmp E‘Hlt}'
Redundancy e e
Biomechanicandinternalmodels :
Synergies AE
Lawsof motion ,
Emotion
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A. Berthoz (2012), Simplexity: Simplifying principles for a Complex World. Yale

University Press.
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Model of fast gazeshift control Colicular
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A.Berthoz(2012),Simplexity Simplifyingprinciplesfor aCompleXVorld. YaleUniversityPress
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w2020A0 | SIR T2 N L yAdarced Rabbtigsoh2a N1, 4088, pp. &/ (i N2 f §



s SUMMaryof bioinspired approachedo

INSTITUTE

.\«'HH[;I .\.H'H'I'i')l'l‘

Sant Anna

Robotvision

Robotsensors

Robotmechanics
andkinematics

Robot control

Robotbehaviour

Robotnhavigation

robotics (in this courseX v

Bioinspireavision

Vestibularsystem

Embodiedntelligence)
SoftRobotics

Neurocontrollers

Predictivebehaviour

Bioinspirednavigation
Softlocomotion
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Robotvision Bioinspireavision

Robotsensors Vestibularsystem

Robotmechanics
andkinematics

Embodiedntelligence
Soft Robotics

Robot control Neurocontrollers

Robotbehaviour Predictivebehaviour

Robotnhavigation Bioinspirednavigation

Softlocomotion




Embodied Intelligence: the moder
view of Artificial Intelligence
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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<gesergy dissipation,
friction, gravity).

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

3. They affect the environmeittiroughbehavior

4. They are complex dynamical systemtsgch, 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
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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
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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

INSTITUTE

' Scuola Superiore

/ dant Anna

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
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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 |] teotting 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
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5. Complete agents perform morphological computation.

& GY2NLIK2f23IAO0Ft O2YLMzul A2y ¢ 6S
by the body that otherwise would have to be performed by the brain.
'y SEFYLXS Aa GKS FIFOG GKI{d 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 mus¢endon 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 produmhavior 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
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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
bSg tI N¥RAIY T2 DpinchdapdiQuiidoks dd Marghglagicah Gomputatig
H. Hauser, R. MEuchslin R. Pfeiferid.s, pp. 214225.
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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
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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
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CARERNY

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 LISNI

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

ey 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
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Ecologicabalance
1. given a certain task
environment, there has to

be a match between the —
O2YLJ SEAGASAE I 3 S
sensory, motor, and neural =3
systems

2. there is a certain balance o <=
task distribution between
morphology, materials,

control, and environment. KJ

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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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
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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



Simplifyingprinciplesin reaching

The octopus arm embodied intelligence

A stiffening wave from base to distal part, that can start from any part of the arm;

A movement executed in about 1 second, velocities in the range g8@Gm/s;

A control divided between central and peripheral: from bra@nparameters(yaw and pitch
of arm base and peak velocity of bepdint); locally: propagation of stiffness

I. Zelman M. Galun A.AkselrodBallin Y.Yekutielj B.Hochnerand T. Flash (200Blearlyautomaticmotion capture
systemfor trackingoctopusarm movementsin 3Dspace Journalof Neurosciencélethods Volume 182: 9109

L.Zullg G.Sumbre C.AgnisolaT. Flash, Bdochner(2009)NonsomatotopidOrganizatiorof the HigherMotor Centers
in OctopusCurrentBiology 19:16321636.




Simplifying principles in reaching

ASoft robot
APassive distal pal
Awater

—
8 ANeural controller
S S (not octopuslike!)
] @)
e S 1 ; | -
o = Environmental properties
>
Ol 2 c 3 /
— § G) g Configuration Learnable Bend Propagation Strategy
CU > O 3
U 3 +-J % ower kEnvironment Density (air) +
- a g O g Hicher Body Stiffness and Viscosit Yes No
Q ) Actuators at Tip (4th Section)
O = Actuators at 3rd Section Yes No \
e @) 5¢
o m Only two actuators at the base Yes Yes \
o — .ll“L (113 T 3 DASe .Jl‘. Nne . - -
m 2 G P ! Shorter Manipulator (Only two sections)  Yes No
8 3 Cylindrical Shape No N/A \
[-] ()
3 © SORTC OO e : \
® 3 05 \ \
= N
5 Morphological properties
=
Normalized time % 20 0 20
TANGENTIAL BEND PROPAGATION VELOTANGENTIAL BEND PROPAGATION VELOCITY
OF THE OCTOPUS ARM OF THE SOFT ROBOT

Morphological and environmental propertieare the factors that affect the invariant velocity profile observeg

T. G. Thuruthel,E Falotico,F Renda,T. Flash,C LaschiEmergenceof Behaviorfrom

Morphology. A Casestudy on an OctopusinspiredManipulator, RoyalSocietyOpen
Science underreview




Simplifyingprinciplesin swimming

Pulsedjet swimming in cephalopods

REFILL PHASE T

disorganized leading ring's

Amantle expansion

' Arefilling of the mantle
=" =1 cavitythroughwater
\‘\

inlets ' gy Ring Vv.vzt'v short taif
& ' JET PHASE Ejectionof adiscontinuosstreamof fluid throughanozzle
: <§ ) Anantle contraction that producesring vortexes
ﬁ —© Aexpulsionof afluid The generation of ringortexesprovidesan additional
; . ‘ slugthroughthe thrust to the one generatedoby acontinuousjet, by
funnel(siphon generatingan additionalpressureat the nozzleorifice

Themantleandsiphonmorphologyand thepulsedjet frequencyoptimizepropulsion
producingring vortexes

GiorgioSerchiF., ArientiA. andLaschi ® 6HAMOU &. A2YAYSGAO +2NISE

t I N RAIAY 2F {2F0 ! y Y| [EFEABME TyaRsadudhd oin BléchatrBiesA O
18@2), pp. 484493




Simplifyingprinciplesin swimming

Pulsedjet swimming soft robot

Silicone and cables, 1 DOF PoseiDrone

Themantleandsiphonmorphologyand thepulsedjet frequencyoptimize propulsion
producingring vortexes(in green)

GiorgieSerchiF., Arienti A., Laschi C. (2016UntlerwaterSoftbodiedPulsedJet Thrusters actuator,

modellingand performanceprofiling’, International Journal dRoboticlResearch35 (11), 1308.329




Simplifyingprinciplesin underwater locomotion

Octopus crawling U-SLIPmodel

Water dragadded massbuoyancyand
have been added to the SLIP model

touch down Yu
take off Y

Multi-arm Robotic

0CTOPUS " Punting

Punting Swimming

Locomotion investigation e phue gaitmodel

|2 control parameters| | 4 design parameters

MorphologyInduced Stability
e |

Locomotion is based orycliccontrol oftwo back
arms, while the body is raised thanksrteutral
buoyance Locomotion consists of 4 phases:
1.Arm shortening

2.Attaching to the floor

3.Elongation (pushing the body forward)
4.Detaching

Delicate
substrates

S Underwater
infrastructures

New concept of soft
underwater robots

Body matters compliant legs or a soft body directly influence stability and sp|ee

Calistj M. Giorellj G. Levy, BlazzolajB.HochneE / ® [ | a OKA I tbidinspired\shlich todnbwimedt@nd Znadiraation for
az27¥0 Newidspiratirand BiomimetisVol.6, No.3, 2011, 10 pp.

Calistj M., Corucci F., Arienti, A., & Laschi, C. (2015). Dynamiusddrwaterleggediocomotion modelingandexperimentson an

octopusinspiredrobot. Bioinspiration® biomimetics 10(4), 046012.
Calisti, M., GRicardj and C. Laschi. "Fundamentals of soft robot locomotidournal of The Royal Society Interfadel 30




Symplifyingprinciples in squeezing

Compliant articulate exoskeleton

Cockroaches intrude everywhere by exploiting their $wftlied,
shapechanging ability. They traversed horizontal crevices smaller
OKFY wp: 2F GKSANI KSAIKID
compliant exoskeletons in half.

Ay
3 12 mm

|

10X slowed

Once inside vertically confined spaces, cockroachesostiinotedrapidly at
Hn 02Reé fSy3adkKa LISNI aSO2yR dzaAy4d
FNRAOGAZ2Y fS3IISR ONIXgftAYyIED

Qx

Soft, legged seareand-rescue robot that
may penetrate rubble generated by
tornados, earthquakes, or explosions.

¢ Free Standing Minimum Compressed
Side View Height =75 mm Height = 35 mm

Ceiling L.
B /i
110 mm . v

Front View @

110 mm

Compressible Robot with Aritculated Mechanisms

d Front View
MR, ML - Motor Transmission

Bio-inspired Compressible Shell LR, LL - L-shaped Legs

ongitudina
Back Spine MR
Flexures

Unconfined Standing
Posture

AMechapisat adaratioh o availaple spa
A1 DOF

Confined Sprawled Posture




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, sensomotor 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

INSTITUTE -
a first broad
Peie. | Scuola Superiore
.',..,..' Sant’Anna

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
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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 argnfalive!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.




mmmeg  Defining Soft Robotics
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Shift from robots with rigid links to bimspired
N O2ydAydzdzyY NROZ20U& GKFG |
B ) SantAnna SEKAOAG fINBS &UNFAya ;
- Hard Soft

Continuum robots: capable of bending via elastic H
deformation, and differing from traditional robots @ [ \
a) LA\ .

with rigid links and serpentine robots withlarge
x,,2)

number ofshort rigid links and degrees of freedom &
! 0 P f }
; — (b) '/EN (X, s 2)'2

GazFfFd NRo20GAO YL yA LWz |

DO w2o0Ayazys Weo . & /-sstatelofd A Bade ofsspfenyatesiafsdtairiundigzgd zantinuous
i KS IEBEIntemational Conference on Robotics and  elastic deformation and produce motion through tt
Automation (Detroit, Ml, 1999), pp. 2842854, ASYSNY A2y 2F | &aYz220K

L® 50 2|t 1SNE G{2F0G NRo20AOAY

D. Trivedi, C.IRahrEk 2 ® a® YA SNE
Applied Bionics and Biomechanigs99117 (2008)
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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 Yy R O Fronitidi®iri Bioengineering & Biotechnolpg(8)
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AaaeaidsSya GKFG FTNBS OFLI oftS 27
primarily composed of materials with moduli in the range of that c
a2F0 o0A2f23A0LFET YIFGSNRIT &ac¢
D.Rus M. T.Tolley, Design, fabrication and control of soft robotature521, 467475 (2015)

S
S
&
> Q;k Af }}b‘b
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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 N2Po20AO&EY2 Y aBGRY @YL
YI UUSNE dzZaSR F2NJ Yl USNMAI f a

L. Wang, F. lida, Deformation in Skfatter Robotics: A Categorization and Quantita

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

Embodiedntelligence)
Soft Robotics

Robot control

Neurocontrollers

Robotbehaviour Predictivebehaviour
Robotnhavigation Bioinspirednavigation
Softlocomotion




Motor control: modelbased A A priori knowledge on the

ISTITUTO closedloop schemes for
DI BIOROBOTICA

geometry, kinematics and

. o dynamics of the robot is
controlling arm position and required

.\ S0l superi@rientation A High computational
B | Sant’Anna complexity
A Little flexibility and
generalization
A High accuracy

Target Position Motor

and Orientation Command

(X, Yo Z) | Controller 0 P " ARM
(roll,, pitch,, yaw,) ) or 7i

Current End-Effector
Position and Orientation (XC’ Y Zc)

(roll., pitch,, yaw,)

Sensory
feedback

a




A No a priori knowledge on

Leal’nlng motor COI’]trO| the geometry, kinematics
ISTITUTO neurocontrollerfor controlling and dynagnics of the robot
DI BIOROBOTICA P - - IS require
| arm pOSItIOﬂ and orientation A learning capability, to
@ \ Scuola Superiore develop an internal model
) Sant’Anna that builds such
knowledge
A low computational
complexity
/ A human-like flexibility,
robustness, generalization
Target Position Motor
and Orientation . Command
R Neur R ARM
(xt’ Yt’ Zt) contyOller {(J é )’} J
: 0+ S,
(roll,, pitch,, yaw,) ! !

/

Current End-Effector
Position and Orientation (XC’ YC’ Zc)

(roll,, pitch,, yaw,)

Sensory
feedback
(e.g. vision)

a




Applicationof the sameapproachto

THE BIOROBOTICS

INSTITUTE | different robotiC SyStemS
Scuola Superiore
l’;;/ Sant’Anna

ﬂgSimulator 2D ;Iﬂlll
Load File |

Distance [mm])

24043867

-'F‘#;“ | \ﬁew.indel
ial

Mum Step Mum Trial

G. Asunj LeoniF, StaritaA., GuglielmelliE, DarioP., & !Neurocontrollerfqr BobotArms
Based on Biologicallyinspired VisueMotor Coordination Neural a 2 R S { Taeg 5t
International IEEEEMBSConferenceon Neural Engineering 20 - 22 March, 2003 Capri
Island,ltaly.

E.Guglielmellz.Asunj F.Leonj A.Starite> t ® S\euxdcchtiolledfér Robot Arms
Based on BiologicalipspiredVisuoMotor Co2 NRA YV I G A 2 y HEEBAMNdndbook ¢
Neural EngineeringVl. Akay(Ed.), IEEE Press, 2007.

G.Asunj G.Teti, C.LaschiE.GuglielmelE t ® 5 NAX 2 = Neufocomrlierdri A O
BiologicallyL y & LJA NB R b SEERInttrnatiodaRChference on Robotics and
AutomationApril 1822, 2005, Barcelona, Spain



Soft robot control

Hard
F R O M - Discrete
Joint positions Peosition, Non-Redundant Redundant
(angles orientation, force - %
=h e o &
Jointspace v
) > ‘
=
- il
Encoders, Pressure, Ex: Cable Lengths, Position,

Voltage, Torgue Cable Tension Arc Parameters Orientation, Force

Actuator z Configuration Task
Joint Space
Space Space Space

Manipulator and Manipulator Manipulator
Actuator Specilic Specific Independent

Hyper redundant

Continuum
Soft

4 N
Modelcbased
Approaches

(" ModelcFree )
(learning-based)

(_approaches

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

Strategiedor soft robotic manipulators a& dzNJBsfERéDticS(2)




Model-basedapproachedor soft robot control

/ Constant Curvature Model \ / CosseratRod Model \ / \

{ ¢
NS e AT
4 V‘\
¥y [ N
.""

LumpedParameter Model

Discretizedfunctions
Finite Element Method

Continuousfunctions

T. GeorgeThuruthel, Y. Ansari,E Falotico,C Laschi2018 ¢ / 2 y (i N2 f
Strategiedor soft robotic manipulators a& dzNJBsfERéDticS(2)



Encoders, Pressure, Ex: Cable Lengths, P z Position,
odel-pasedapproacnesor Sott rondot 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 Robqoted54. 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.

"l
-
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Encoders, Pressure, Ex: Cable Lengths, ArcP z osition,
odel-pasedapproacnesor Sott rondot 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

T. GeorgeThuruthel, Y. Ansari,E Falotico,C Laschi2018 ¢ / 2 y (i N2 f
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Model-free approachedor soft robot control

g) ,,, ___________________ \\\ g) \
C | Feedforward Neural Networks 1 =
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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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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?




s SUMMaryof bioinspired approachedo

INSTITUTE

robotics (in this courseX v
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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 |

lllllllllllllllllllllllllllllllllll

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, I YO NRA I Yy LMITUPEEs{20@ Sy OS ¢




Predictivearchitectures

Woa L)

INTERNAL
MODELS
EP -

( PepcetTION l EXPECTED

A PERCEPTION
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Hierarchicahrchitectures

| BEHAVIOUR
- PLANNING
SENSORY
PROCESSING
N
ROBOT

Sensors

Actuators

A4

CONTROLLER

N




Reactivaarchitectures

BEHAVIOUR
PLANNING
SENSORY .| CONTROLLER
PROCESSING i’
N
ROBOT

N

Sensors | Actuators




Expected Perception (EP) System

Expected Perception:

Internal Model to predict the
robot perceptions
Comparison between actual
and predicted perception

Open loopcontroller if the
prediction error is low

Closed looontroller if the
prediction error is high

Expected Perception

BEHAVIOUR

SENSORY
PROCESSING

If A>T

PLANNING

N

CONTROLLER

|

) Internal
models
If A<T /
v

[8] EP

Expected Perception
(EP) GENERATOR

4

M

Proprioceptive sensors

ROBOT | Actuators

SPUBLWILWIOD JOJOA

Exteroceptive sensors




Sensory prediction proposed by R. Johansson

fBecause of the long time delays with feedback control the swift coordination of fingertip forces during
self-paced everyday manipulation of ordinaryé passi ved objects must be e»
Indeed, the brain relies on feedforward control mechanisms and takes advantage of the stable and
predictable physical properties of these objects by parametrically adapting force motor commands

to the relevant physical properties of the target object .0

EErI.EGnEgH 'Sﬁnwmm
P '::-.-?imri —* (ef. CPG mechanisms and
PACGAAMS procadural memories]
IDEA” A
:'_— Paramsiar
f spechicrbion

Visior —J
P‘IEI Gal pmnm'ﬂus

Bols |:m-:|
H'I'FEHMI.IHI{'EELE

| I ——
| I ———
A ———

!

| Comparison of aflersn! -
| patiern wilh thal predicted - -
1

1
|

wo{ & W2KIlI yaazyzZ
Movements John WileyChichesterUK, pp. 459, 1998



Learning ofgraspingmodule

— -
- )

|

=l
;

Learning phase: ‘\
About 40000 random movements (&)



Graspinghe bottle

C Laschi G. Asunj E Guglielmelli G. Teti, R JohanssonM.C CarrozzaP. Dario, a !Bio-
inspired Neural SensoryMotor CoordinationSchemefor Robot Reachingand Preshaping =
AutonomousRobots Vol.5, 2008 pp.85-101




Expected Perception Iinthe visual space
EP architecture applied to 3D reconstruction of the environment

Task: free walking in an unknown
room with obstacles

Classical approach:

= 3D reconstruction of the
environment

= path planning for collision-free
walking

-> large computational burden

In a Visual EP architecture, after a first 3D reconstruction of the environment,
Images can be predicted, based on internal models and on the ongoing
movement.

Predicted images are compared with actual ones and in case of unexpected
obstacles a mismatch occurs and the motor action is re-planned




Visual EP scheme

Robot Exteroceptive | Robot Exteroceptive - Robot Proprioceptive
Sensors (camera 1) || Sensors (camera 2) Sensors (encoders)
image 1 image 2 robot initial pose
INTERNAL MODELS v v AVP GENERATOR VISUAL COMPARATOR
3D Reconstruction i
Image Capture of of Initial Environment Computation of » | Manipulation of
Relevant Features —Ir| Gurrent Robot Pose »| Real Images
Background (head / legs) o m !
images of initial backaround comparable real
relevant 3D image 9 [ current robot pose 3D image
features
g:ii?:t?:ns Generation of »>| Computation of
robot poses / Definition of Learning Rules 1 5?‘2“‘9;"0 3D |Ta99 Visual Difference
relevant features of Environmen ‘ .
poses Network Structure ———» Network Parameter A synthetic visual difference
Identification preliminary |ldentification 3D image
A fuzzy rules Computation of
new association | fuzzy rules Estimated El'rlor
1 p
1
! | Learning | — if error < threshold | |
1 | (neural-fuzzy net) (€€ * if error > threshold :
| I 1 jmm——————- -t — %
\ | : . i
! predicted poses of f | *
! relevant features N | Determination of
¥ ¥ «_: ____________________________ —: ______ B Error Cause
3D Reconstruction I 1 Permanence :
i 1 [
of Environment 1 1 if change is permanent, |
i current 3D image +_ -‘L update internal models :
1
Identification of ! ¥
relevant features :
(goal, obstacles) i TRAJECTORY PLANNING CONTROLLER
poses of : 5 o : .
relevant features &L > we?:_ra lgniz <« Generation of > Robot Actuators
#
aking 7a f Motor Commands current motor commands (head /legs)
sequence o (head pose, legs linear /
VISUAL PROCESS'NG robot poses T angular moving displacement)




AVP architecture (1)

- Visual Processing module takes as input current images from both robot
cameras to reconstruct the environment producing the relevant feature position .

- The poses of relevant features are sent to a Trajectory Planning module to
generate the walking path

- The Controller module then takes the first robot pose from the sequence of
poses planned by the Trajectory Planning module and produces the
corresponding motor commands

-This cycle continues until the robot reaches the target.
¥+

3D Reconstruction

of Envirconmant

l current 30 image

ldentification of
relevant features

{goal. obstacles) TRAJECTORY PLANNING CONTROLLER

poses of =
releweant features Generation of Generation of o . Robot Actuators

# r i -« * -
Walking Path Motor Commands cUFFENt Mo commands {head [ legs)

saquences of T thead asss, lags linear

VISUAL PROCESSING robol poses angular mawing displacemant)




AVP architecture (Il)

- Internal Models of
the environment and of
the task to be
performed are
necessary to predict
future visual
perceptions.

- Images of different
features relevant to the
locomotion task are
captured and

memorized




