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9 Artificial Neural Networks (ANNS) are an abstract
simulation of the nervous systemhich contains a se¢

of neurons exchanging information through
connectionsgxong

1 The ANN modekry to mimic axons and dendrite$
the nervous system

91 The first reural model was proposed McCulloch
andPitts(1943). The model was presented as a
computational model of the nervous activiifter
this, other models were proposézhn von Neumann
Marvin Minsky, Frank Rosenblattie
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1 Biological model. It has the objective of replicating
biological neural systemse. visual and auditive
functionalities. These models are used to validate
verify hypothesis about biological systems.

1 The second type Is focused on the applicatidhg
models are strongly influenced by application nee
They are called connectionist architectures.

We will focus on the second one!
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1 Human brain contain Neuroscientific
evidences show each neuron can ha@00 sinapses input
or output

1 Switching time of a neuron is few . It is slower
than a logigyate but it has ayreaterconnectivity

1 A neuron eceives from synapses information which are
summed

1 If the excitatory signal is leading, the neuroni s activated and it
generates information through the synapse
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A neural network is composed by:

1 A set of nodeg(neurors), whichis thebasic unit
1 A set ofweightslinked to connections
1 A set ofthresholdsor activation levels

The networkdesignrequires

1.Number of basic unit

2.Morphologicalstructure

3.Learning examplencoding (input and output of th
net)

4.Initializationand training of the weights linked to
the connectionghrougha learning example set
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Main features

The objective function camavediscrete/continuos values
Learningdata can be noisy

Learning time INOT realtime

Fast evaluation of thiearning rate of the neuragtwork

It is not crucal to get thesemanticsof the learned function

= =2 =242

Robotics, Image Understanding, Biological Systems
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-MLP andecurrentNN

AUnsupervised_earning
- Clustering

A Competitive Learning
- Kohonemetworks

AReinforcement Learning
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A Theperceptronisthe neuralnetwork basicunit

Alt wasdefinedby Rosenblatt (1962)
ATryto replicate the singl@euronfunction
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A Outputvaluesare boolean 0¢ 1
Alnputsxi andweightswi arereal (positive or negative)

A Learningconsistsn selectingvaluefor weightsand
threshold

2
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Thr ——m
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a)l nput funtion, linear (SUM)

INj =& Wjj Xj =WjX
J
b)Activation function, nonlinear (THRESHOLD

0 ~

O

Xlg\qg(m.) ggwljxjo
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Activation functions

el if x>t
step(x) =i
{0, else
L 5, 2 a,
+1 +l +1
(a) Step function (b) Sign function (c) Sigmoid function
_ é+Lif x2 0
SIgn(x) =1
- Lelse
sigmoidx) = e
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Alf the threshold function isign()and x1..xn are the input
values:

o(x) =1 If w, +wx +W,X, +...+ W x >0
o(X)=-1else

AVector notation:

o(X) = signw]
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A Learningproblem
A Set ofpointsin an-dimensionabkpace
1 classifyinto two groups(positivesandnegatives
2 Then givena newpoint P, associate P witbne group

1 Classificatiomproblem
2 generalizzatiomproblem(learningconcepts



Perceptron 1 Training algorithm
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A Initialize weights randomly
A Gives an example from the datasgtex)>

A Compute o(x)
AIF o(x) c(x) then update: W « W+ D
Ah is thelearning rate Dy = h(c(x) - 0(x))%

Ax is theith feature value of x

AThe perceptron error (E) is equal todql



ISTITUTO

DI BIOROBOTICA Exam ple test

A » - :
e e\ Scuola ouperiore
=21 / Dant’ Anna

A Suppose that o(x)} (if the threshold function is sign(x)) and
c(x)=1

Altis needed to modify weights

A Example:

X :0’81 /7:0,1, C::L o0=-1
D =h(c- 0)x =0,1(1- (-1))0,8=0,16

A Thewi. value increases in order to reduce the error
AIF c(x)=l e o(x)=1

Dy =h(c- 0)x =0,1(-1- (+1))0,8 =-0,16
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AConvergence¢heoremof percepton(Rosemblatt 1962)
A The perceptron is Anear classifigrtherefore it will never get
to the state with all the input vectors classified correctly if the
training setis notlinearly separable

Aln other words.. Nolocalminima!
A The way to solve nonlinear problems is using multiple layers

ASolution:Feedforward neural network andrecurrent
neural network



http://en.wikipedia.org/wiki/Linear_classifier
http://en.wikipedia.org/wiki/Linearly_separable
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AAll the neurons of a layer are connected to all the neurons of the next layer
AThere are no connections between neurons in the same layer and betweer
non adjacent layers

Output layer

' Hidden layer

Input layer

net vy y

net
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AObijectives:

APerceptron weights initialized randomly
AFast learning

AGeneralization capability




Backpropagation (2)

ISTITUTO

DI BIOROBOTICA

Rt .\ Scuola Hu,n'riurr
v T8 e ' .
IRe . / Sant Anna

Iwanw

Threshold function: sigmoid

r_ ,rc. 1
o(x)—s(w&)—l+ev-v@

Error function is as follow:

EGR) 2 2 4 (t(x) - o(x)? =
. 2x/D
. li Input units 1 ]
()  HjHidden units 5 g & (t(x)- ox(x))
x/ D k/ Nout

. Ok Output units
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Gola:minimize errorbetween
expected and real output

Update weights rule:
Wil « Wji + Dwji
Dwj = ha;x;
d; =0j(1-0)(t; - o)

Weightsw; (fromn; to ny)

NNsproducem output values
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A\While unreachedermination condition execute

A Foreachvaluevl D: (X, t(X)) (X=(%..X,), t{(X)=(t,t,,..t ):
A | set of the inpunodes(1,2,,n), O set of outputodeg1,2..m), N set of the
net nodes
A Compute the output of the negeneratedby the input v and the output of
eachnodeof the net rhl N (x input of the mputnodell , 0; output
yieldedby thenoden, | N)
A Computeerror of the outputnodeokl Oasfollows:

=0oc(1-"9)(tk - o)

A Compute theerror for the hlddenunltshhl H=(N-OCI) connectedthe the

output nodes asfollows: oh = h(1- ay) & Wik
nk/O
A Compute theerror for the other nodes Wijj « Wijj +Dwj;

A Updatesthe netweightsasfollow: Dwjj = hdljxj
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_ pHEWIX) # W2 X))

- h /’E meJE_L _—h£X

D/\/l: = = 1
N HNey [y /ney
net_L = W1 X1 ¥ WoXo
Wq »—x_ W3
1
E =3 (t-0)° o o
e _[E 1O "E:E'Z(t—o)'u(t_o):—(t-o)
(ney Lo iney o 2 1O

Lo _is(ney) _ o(1- o) What we used in the BP
ey ey algorithm!!

H(s (X)) =5 (X)(1- 5(X))

Dy = ho(1- o)(t - 0)xq —
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AThe process continues until all the examples
(<x,t(x)>) have been processed

AWhen does the process stop? Minimize errors on
the train set is not the best solution (overfitting)

AMinimize errors on a test set (T), this means to
spl i1t CQtrainmgusimg DO aging T to
verify the termination condition
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A Gradientalgorithmissues
A Can stop orocalminima
A Alocalminimum cargivesolutionswhichare far from the
global minimum
A Sometimeghere are alot of localY A Y A Y I X
A A possiblesolution training withchangingnitial weight
values



Weights Updating Rule
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A Consideringhe nth valueofdi D.updatingrule becomes
Dwij(n) « hdj Xij Momentum

A Pros

A Overcomindocalminima
A Keepingstablevaluefor the weightsin the «lat zones
A Increasevelocitywhengradientdoesnot change

A Cons

A 1f momentumvalueistoo high can stop ofocal MAXIMA
A Onemoretuningvalue
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A Initializingweight valuesis basicto reachconvergence

A BPdependson thelearningrate h. Thiscanmakethe net
diverging

A1t can beusefulto usedifferent valuesof h for the network
layers
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They are networks that learn to associatean input
pattern with a sequenceof output patterns

Xkt [T M2 [ THZ XZ1,11I

X(1) - NEURAL | yyt+1)
Y(t)

z
2
Q
;

A recurrent neural network (RNN) is a class of neural networks where connections
between units form a directed cycle. This creates an internal state of the network
which allows it to exhibit dynamic temporal behavior.
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A Supervised Learning
-MLP andRecurrentNN

- Clustering
A Competitive Learning

- Kohonen networks
AReinforcement Learning
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A Split nonlabeledinput valuesin subsetgcluster)
A Similarinput valuesare in thesamesubset
A Differentinput valuesare indifferent subsets
AFindnew in ansubsetsn anunsupervisedvay (nolabels
provided
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A Supervised Learning

-MLP e reti neurali ricorrenti
- RBF

AUnsupervised Learning
- Clustering

- Reti di Kohonen
AReinforcement Learning
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An some cases, the network output can &mbiguous

A Thanks to thdateral inhibition, neurons start competing to
respond to a stimulus.

A The neuron having the greatest output wins the competitior
and specializes itself to recognize tisaimulus.

A Thanks to theexcitatory connectionsneurons near the winne
are also sensitive to similar inputs

An isomorphism is created between input and output space



Competitive Learning - Implementation
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A The winning neuron is selected using a global strategy just by
comparing the outputs of the other neurons.

A Two techniques can be used:
1. Select the neuron with the maximum output;
2. Select the neuron whose weight vector is more similar to th

M B |
v, = D owux, = WyeX = |W, || X|cos jo: DIS(Wyp. X) < DIS(W, X) Vj=j,
~

y W)
W2 W,
W,
& - ¥ i:/vx
METHOD 1 The winner on an input Xis METHOD 2The winner neuron on input X
the one with thegreatest output IS that having its weight vector more similar

to X
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The Kohonen network (or "self- . 2
organizingmap", or SOMfor short) has e e
beendevelopedoby TeuvoKohonen
The basic idea behind the Kohonen
network is to setup a structure of
iInterconnected  processing  units
(neurons)whichcompetefor the signal

Sizet’

input vector

The SOMdefinesa mappingfrom the input data spacespannedby x,..X,

onto a one- or two-dimensionalrrayof nodes Themappingis performed
In a way that the topological relationshipsin the n-dimensionalinput

spaceare maintainedwhen mappedto the SOM In addition, the local
densityof datais alsoreflected by the map: areasof the input data space
which are representedby more data are mappedto a larger areaof the

SOM
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A Supervised Learning

-MLP e reti neurali ricorrenti
- RBF

AUnsupervised Learning
- Clustering

A Competitive Learning
- Reti di Kohonen
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Several actions are executed.
Successful actions are stored

(by weight variations).

Punishments and rewards

An agent operates in the
environment and modify
actions based on the produced
consequences.

NEURAL

NETWOERK

Yk Svstem to be

controlled

Critic

¥

AGENT

action

Sensory
Feedback

Reinfor.

(state)
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Robot control and neurocontrollers
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Joints Cartesian
Space Space

Direct Kinematics

End effector
Position

lgodge s k) x,v,2 86,y B . ) Y
Inverse Kinematics . « Cilloccocoee Ze
E JURNBRIL e 'h Hand
- \.‘E-\mordiuatcs
v 4
World - _ . Work

--coordinates Xo .-~ volume
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PxPsz Q1 CI2 q3

By B

V Creating a dataset of
<joint_posistions end
effector_positions using
the direct kinematics
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At isnot alwayspossibleto compute the invers&inematic
solutionusingthe joint positions

A For soft continuuntobots actuatedby cablesit is possibleto
exploit the relationbetweenthe cabletendion and the end
effector position, inorderto control thetip
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A Control of the softarm throughthe
learningof the inverse modethat
allowsto control the endeffector
position through the cabletension

A The inverseproblem can belearned
collectingpoints and exploiting the
approximationcapability of the NN
asfor the rigid robots

CableTension Endeffector position
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A NeuralNetwork can baisedto solve the inverssolution
generatingan adaptiveapproach:

: . Thisparticular
Thedirect model relationis: representationis not

o QA P invertiblewhenms<n
(redundan

where,e N P Is the position and orientation vector of the end
effector; AN P Is the joint vector Qs a surjective function
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We candeveloplocalrepresentationdy linearizingthe functionat a
point (A ) thereby obtaining

\ 1o &) A ()
( A @A is the Jacobian matrix at the poink ;| e and] aare
Infinitesimally small changes #e A The differential IK method

involves generating of @h A 4) and learning the mapping ¢, &)

H A

The learning is feasible since the differential IK solutions form a
convex set and therefore averaging multiple solutions still results
a valid solution
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The method we have proposed involves expanding Eq.

and expressing it in terms of absolute positions, as sha
below:

U( A:) A o QA) U A: A(ll)
A EOEAAAEAOOAIDI BE C EDX
AD | BEel Cfrom the present configurationa; Note
that Eqg. lis only valid when the conflguratlons are
Infinitesimally close. However, for practical purposes
can be a good approximation for larger regions.




e Learning the Inverse Static Solution: an

DI BIOROBOTICA

adaptive approach (1V)
% \51'll1).lil dSuperiore
- ) Sant Anna

Theanalyticalsolutionfor the equationll can bewritten as
A Oe Qa) 04 'O OB

where"Ois a generalized inverse of A: and"Ois the identity matrix, and»is a
arbitrary ndimensional vectofThe first component represents the particular
solution to the norshomogenous problem prescribed in Eq. Il and the seconc
component represents the infinite homogenous solutions. It can be proved t
the solution space still forms a convex set. Thereforaigersal function
approximator(i.e. NN)can be used for learning the mapping

(Aho © A
The samplesi(;i ho ) generetedare such that

n n- X

Al AP D OIT BAHR IK#EAbetween 10%6% of the maximum actuator range
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AWe use afeed-forward NN tolearnthe relation:
A (Abohe )0 A

AThe values od he  aregeneretedusing the direct model as
showed for the learning of the IK of a rigid manipulator

TRAINING PHASE TEST PHASE
(4 hehe ) , wpur (APMehe ) eur
A — gas_irrgST A — Network

OUTPUT



Learning the Inverse Static Solution: an
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SixDoFHybrid System (Pneumatic and Tendon) =

[

]

A 2000 sample points divided in the ratio 70:30 for training

and testing respectively
A 2 hours for data collection, training and setting

]

|-Support Prototype

TwentyFiverandompoints selectedfrom workspace

Mean Error
Position (mm) 5.58
X- axis rotation (degrees) 2.76
Y- axis rotation (degrees) 1.84

Z- axis rotation (degrees) 3.85

Standard Deviation
3.08
5.42

1.83

7.02
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External Disturbance (Only Position)

2 Target : ! -
End-Effector Position - ;

.....

aA=

1--

Step

Unlike the case of rigid robots external disturbances modify the kinematics of the soft manipulator

This is the first experimental implementation of soft robots tracking under external disturbances
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AUsing a NN téoreseethe signalin the future
ATraining the NNisingpastvalues

A

y(t+A) 5 P

y(t) /\. ........

t t+ A
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A Learningphase
y(®)

\ 4

y(t-D )

A 4

V
>

AThe NNearnsthe relationbetweeny(t) and y(D )
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ATestphase

y(t)
@ N
Yn N(t+ D)
\_ J

AThe NNyieldsan estimationof the y¢+D)



ISTITUTO
DI BIOROBOTICA

_;:—.
(0] % e
£y ,i 2

s '\,/

ty(t)

Learning and prediction
ln,gpns;gtent training set

\ ant Anna

Training Set

y(t=A) | y(t)
A 0.5 0.9
0.5 0.1

-
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\ 4

YN N(t)

A 4



DI BIOROBOTICA ONLINE prediction

'l" . \ .
: ' Scuola .\uln-l'mrr
/ Sant Anna

A Generate gredictionwith anya-priori knowledgeof the signal

A Fastconvergencevith lessinput seen

A Simple modebasedon a singleneuron(PERCEPTRQBQeiving
asinput currentandpastvalues(x(t)-x (t-d))

Es.Tenstepsaheadpredictiond=10

training set (<inputdesired
output>) :

—> out(t) <X1-X10, X20> <X2-X11, )(215 2 X
<Xn-Xn+10,Xn+20>

Y

Network output y10,y11X n-€0
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wany.

M(q)g+ V(qgq+P(q) =71

Mx)% + V(x)x+ P(x) = 7.

e O "O\ifehe

Chamber Pressures
Tendon Forces

Complete system states
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AGeneral Dynamic Model :

AViapping from the manipulator states and inputs to the next
states

(t,x,x) > X

Discretized Dynamic Model :

Allows for a recursive mapping by removing the first order and
second order derivatives

(t, %, xi"1) > xit1
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Allows 10 represent the dynamic model using a recurrent neural

network
( ) S /
(’r P xi—l) 5 yitl — 1 S / !
7 N /

Recurrent Neural Networks are powerful for leteggm time
series predictions|1,2]

[1]Menezes J, Barreto G. Loetegm time series prediction with the NARX network: An empirical evaluation. Neurocomputing 2008;

71: 33353343.
[2]Eugen Diaconescu. 2008. The use of NARX neural networks to predict chaotic time series. WSEAS Trans. Comp. Ries. 3, 3 (Marc

2008), 182191
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With the new learned forward model, traditional trajectory
optimization techniques can be used for developing open loop
optimal control policies

We employ single shooting trajectory optimization with
sequential quadratic programming method

xi?Sk — xdes

2
+ ZT}:R Tx

Minimize Objective Function ®)" = min d
t k
Subject to Dynamic Model and Constraints

m m
0 =7, = Thax

. %
Xigr = f(x,%1,7) Vi=1.. at

Thuruthel, T. G., Falotico, E., Renda, F., & Laschi, C. (2017). Learning dynamic models for open loop
predictive control of soft robotic manipulators. Bioinspiration & biomimetics, 12(6), 066003.
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400

300

200

Y Axis (mm) 100

0

-100

-200
-300 -200 -100 0 100 200 300 400

X Axis (mm)

Workspace obtaining by random exploration

Learned dynamic model prediction

Thuruthel, T. G., Falotico, E., Renda, F., & Laschi, C. (2017). Learning dynamic models for open loop
predictive control of soft robotic manipulators. Bioinspiration & biomimetics, 12(6), 066003.



