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Ako sa roboty uciar

Potrebuju sa roboty ucit?

Ako to robia?  Ako si ukladaju poznatky?
Maju mozog alebo neuronovu siet’?

Maju radi dokolddu?  Sportuju?

Je to pravdepodobné?

Existuje evolucia robotov?

Co na to hovoria logici?

A preco roboty?
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‘ Co znamena ucit’ sar
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‘ Life 1s learning... :-)
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‘ But how does the learning work inside?
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‘ Co znamena ucit’ sar
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‘ Co znamena ucit’ sar
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‘ Co znamena ucit’ sar
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Co znamena ucit’ sar
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Co znamena ucit’ sar

Ako sa roboty ucia? September 2009 10



Co znamena ucit’ sar

8nNnn Rubic Puzzle

Scramble Steps @) Roll Up
10 f e
@} Roll Down
B
( Scramble @ Roll Left

10 Moves Made

Q Undo Last Move Bottom @) Roll CW
24) Roll CCW

(22) Roll Right

Q Reset All
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Co znamena ucit’ sar
Kratky slovnik slovenského jazyka: ucit sa

J

1. cvicenim ziskavat zrucnost: ucit sa plavat, tancovat, hrat
na husliach

2. nha zaklade vychovneho posobenia si osvojovat,
vStepovat: ucit sa discipline, pravdovravnosti

3. ziskavat' vedomosti: ucit sa dejepis, dobre, lahko sa ucit;
ucit' sa naspamaét; ¢o ste sa dnes (v skole) ucili?

4. pripravovat’ sa na budtce povolanie (obyCajne remeslo):

ucit sa za automechanika; hovor. chcel by sa dalej ucit
Studovat

LUCIt sa na viastnej Skode*
,UCIt sa na vlastnych chybach”
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Co znamena ucit’ sar

Encyclopedia Britannica: learning

the alteration of behaviour as a result of individual experience.
When an organism can perceive and change its behaviour, it
Is said to learn.

Wikipedia: learning

acquiring new knowledge, behaviors, skKills, values,
preferences or understanding, and may involve synthesizing
different types of information. The ability to learn is

possessed by humans, animals and some machines.
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Ucenie x Adaptacia?

Adaptacia — ,malé" uCenie, vacsinou sa tyka

prispdsobeniu sa fyzikalnym parametrom sveta

Adaptacia druhov

Adaptacia — zmena tvaru tela, spravania, ziskavania

potravy, zivotného stylu

EvoluCna adaptacia

UcCenie sa tyka jedincov

UcCenie suvisi vacsinou s kognitivnymi

procesmi, zmena nastava iba v mozgu
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Ucenie sa robotov

Preco sa roboty potrebuju ucit?

Bezne robot?; Fouzwane v kontrolovanych podmienkach
na vyrobnych linkach sa vacsinou ucit nepotrebuju. Mozu
sa adaptovat — prisposobit roznym vlastnostiam
materialov, optlmallzovat svoju prevadzku, mozu byt
prog ramovatelné..

Roboty, ktoré plnia ulohy v ,nasom” prostredi — v realnom
svete sa mozu ucit' s cielom lepsie plnit' svoju ulohu.

Vlastnosti prostredia:

Nezname = nevieme, Co tam oCakavat
ll\)lynamické = moze sa menit
epredvidatelné = nedokazeme odhadnut kedy a ako
sa zmeni
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Ucenie sa robotov
Co sa roboty mézu naudit?

* Mapu svojho prostredia

* Vlastnosti svojho prostredia

* Rozpoznavat predmety, tvare, ludi

* Manipulacné ulohy

* Navigacné ulohy

* Spolupracovat s inymi robotmi

« Efektivne komunikovat s ludmi

* Porozumiet situaciam a volit' v nich spravne akcie
* Zlozité ulohy
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Robot Learning
Ako sa roboty mozu ucit?
Pattern Recognition & Machine Learning
(univerzalny pojem: Umela inteligencia)

Preskumajme par prikladowv...

GOGNITIVE ROBOTICS
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Machine Learning — jednoduchy priklad

Hra zviera

Pogitad Clovek Pogitaé Clovek

Je to cicavec? ano Je to cicavec? ano

Zije vo vode? nie Zije vo vode? ano

Je to Selma? ano Je to velryba? nie

Ma prazky? ano Vzdavam sa. Co je to? delfin

Is it a tiger? ano Zadaj otazku, ktora odlisuje Je obrovsky?
velrybu a delfina:

| won!

_ Pre delfina je odpoved na nie
ML: Reprezentacia poznatkJV.0ZKU . .\ cicr crgoruiiuo
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Symbolicka reprezentacia poznatkov

Sematic
Yertebrate
Network
Tisa
has ,
feathers ———  gig L flies
overing property
Tisa
has - has
small lg—— | Blue Bird | OTUE
size color

Reprezentacia poznatkov: LISP expressions
Uciaci algoritmus: predikatova logika
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‘ Symbolicka reprezentacia poznatkov
GENERAL TRIANGLE

’Generallzed _by: closed é]anar geometric object)
Generalization_of: acute-angled triangle, obtuse-angled triangle, right-angled triangle,
equilateral triangle, isoscales-triangle)
(parameters: x-side, y-side, z-side, ¢-angle, x-angle, y-angle, x-altitude, y-altitude, z-altitude,
X~ medlan y- medlan z-median, r_inner_circle_radius, R_ outer cwcle
radius, P_ erlmeter-x+ +z,V_ volume= ﬁx X~ altltude)/2)
number of sides [<ca inality:1> <data ty e:INT>] value: 3)
number of angles [<cardinality:1> <data type:IN flvalue 3)
x-side [<cardinality:1> <data type:REAL> <if-needed: ask, measure, infer> <ifchanged:
check consistency (x<y+z)>] length value: UNKNOWN)
y-side, z-side similarly
¢-angle [<cardinality:1> <data_type:REAL > <data_template: .**, 0< ¢<180 >
<if-needed: ask, measure, infer><if-changed: check cons:stency (p+x +w=180)>]
value: UNKNOWN)
(x angle, w-angle similarly)
x-altitude [<cardinality:1> <data_type:REAL > <data_template: .**> <if-needed:
ask, measure, infer> <if-changed: check cons:stency)>] value: UNKNOWN)
(y—altltude z-altitude s:mllarl
x-meridian [<cardinality: 1> <data 'ype REAL > <data_template: .**> <if-needed:
ask, measure, infer> <if-changed: check cons:stency)>] value: UNKNOWN)
(y-meridian, z-median s:mllarly)
perlmeter [<cardinality:1> <data_type:REAL > <if-needed: ask, measure, infer _by:
P = x+y+z>] value: UNKNOW

N
(V_volume [<cardinality:1> <data_type: R)EAL> <data_template: .**>
<if-needed: ask, infer>] value: \ [(p/2)(p-x)(p-y)(p-2)]|(x*x-altitude)/2) }
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Sub-symbolické reprezentacie

Takto to robi priroda:

Denclrite

Informacia je distribuovana, representovana milionmi
ciselnych hodndt, ktore plnia mnoho roli/vyznamov...
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Sub-symbolicka reprezentacia

Connectionists: Umelé neuronoveé siete mézu
uchovavat poznatky, ucit sa, usudzovat, generovat’
akcie

V robotike: Sensoricko-motorické
systemy

Reaktivne systémy vs. Interny stav

Hidden
Input [ )
Output

Start
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Sub-symbolicka reprezentacia

Recycled variables

3 R
3 Ro
NM
N 4‘ @
V ’)‘» Output
- > Va ;/:" vanables
npu J }‘v‘“
variables ,'0
—_—
—-
—
Bias
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RNN mozu vypocitat lubovolnu
vypocitatelnu funkciu

Elmanovské alebo s uplnym
prepojenim uzlov

set initial task neuron activities

" motor outputls
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‘ Sub-symbolicka reprezentacia

Co dokézZe uchovat jeden perceptron?

weights

activation
functon

X, @ net input
net;

@ o
. j . 1
activation
transfer 14 e

. : function ,

6.
x” J

threshold

RN Ng 1 1 1‘0 1‘1 0 |
0]0 0 1 0]1/0 010 1 ;
AND[0 1 NOR[0 I\ NOT|0]1 XOR[ 0 1
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Sub-symbolicka reprezentacia

Co dokézZe uchovat jeden perceptron?

weights
inputs
X; o
1[1 0 ot
ﬂ 'U I X, @\ net input
L0
XOR| 0 1 (2 Y I acvinor

xh? -
transfer
. : function
6.
.X” /
threshold

1969: Minsky, Papert: Perceptrons
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Sub-symbolicka reprezentacia
Riesenie — viacvrstvovy perceptron

input values

Input layer
——

weight matrix 1 ] nion of folr
| B linearly se ;::aré\t:ule
hidden layer 'ul regons iy

L1 | :
wielght matrix 2
L3

L4
output layer
klasifikacia

output values
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Sub-symbolicka reprezentacia

Sposob ucenia?
Priklad: Backpropagation
(algoritmus spatného sirenia chyb)

Input walues

Kazdy uzol prispieva k vyslednej
chybe siete urcCitou mierou,

input layer

algoritmus upravuje vahy medzi welght metrix 1
uzlami umerne k tejto miere. idden ayer
welght matrix 2

output layer

output values
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Sub-symbolicka reprezentacia

Tj = vstupny vektor uzla j (xj,. = |-ty vstup j-teho uzla)
wj = vahovy vektor uzla j (w, = vaha priradena Xx,)
z; = ;- 7. = vahovana suma vstupom uzla j

O, = vystup uzla j

t, = spravny (oCakavany) vystup uzla j
Chceme urcit % pre kazdu vstupnu vahu w, pre

kazdy vystupny uzolj. Kedze z je funkcia w, nezavisle od
miesta, kde sa uzol j nachadza:

oFE  OF 0z

ﬂw_ﬁ 335 3‘w_ﬁ ak .
_ 8B, % " O
B ﬂzf"”
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‘ Sub-symbolicka reprezentacia

Vystupne uzly:

1 OF a1
E=— (t;,,—cr(z;,,))ﬂ §:= — = —Z(t: —0:))2
2 L-Et;tputs ! 0z; 0%; 2( ! i))
_ 199
= (% ﬂj)ﬂgj
1 d
ﬂ'l:t) = 11 et = _(tj - GJ)B_%U(EJ)
= —(tj —05)(L —a(z))o(z;)
= —(tj —0;)(1 —05)0;
. " OF
Pravidlo zmeny vah: Awj; = N n0; ji
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‘ Sub-symbolicka reprezentacia

Skryte uzly: OF

Bw_,-; ke Downe ) 0z 30j 33_:.:

Z oF 33_1; 30_..-;

_ Z OF 33_1, _ 3&_:.: _

ke Downstream(j)

OF 0z 0o

§ = >
ke Dounstream(j) 33_1, aﬂj azj

Y Grwkioi(1l—o5)

ke Doumstream(j)

Jj = ﬂj(l - ﬂj) Z kalkj

ke Dounstream(j)

0z . 30j . 33j .
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AL VINN: Autonomous Land
Vehicle In a Neural Network

*Dean Pomerleau's Ph.D.
thesis (1992).

* How ALVINN Works

. Architecture
. Training Procedure
— Performance

* Why ALVINN Works

. Hidden Unit Analysis
e Integrating Multiple
Networks

wﬁ@ther Applications

AT Interactive Systems Labs 'D

al

L
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ALVINN Network Architecture

Sharp Siraight Sharp
Left Ahead Right

How many inputs?
30X32=960

How many weights?
961 X4+5%X30=3994

30x32 Sensor
Input Retina

ns O
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Original Training Scheme

*Generate artificial road images
mimicing situations the network 1s
expected to encounter, including
noise.

HE Ry —— — ——— KN
Er e 3

= ] 2

(ree

*Calculate correct steering direction
for each image.

*Train on artificial images, then test
on real roads.

*Problem: realistic training images
are difficult to produce: training is
expensive.

atias Interactive Systems Labs road edees
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Training on the Fly

*Digitize the steering wheel
position.

*Train the network by having
it observe live sensor data as a
human drives the vehicle.

*The human “‘teaches” the
network how to drive.

*Can this really work?

o[t's not so simple...

AT Interactive Systems Labs
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Measuring Steering Error

*Train with a Gaussian bump
centered over the desired
steering direction.

*To test: fit a Gaussian to the
network's output vector.

*Measure distance between
Gaussian's peak and human
steering direction.

Activation

Network’s Steering
Error = ~3.5 units

Gaussian Peak =
Person’s Steering \ Network Steering
Direction Direction
T _,_“'_, Best Fit

/’ Gaussian

Output Unit

Why use a Gaussian for the

?.:* * output pattern? o
B Eest Interactive Systems Labs )

Ako sa roboty ucia? September 2009
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Learning to Correct Steering Errors

eIf the human drives perfectly, the network never learns to
make corrections when it drifts off the desired track.

*Crude solution:
—Turn learning off temporarily, and drive oft course.
—Turn learning back on, and let the network observe the ~ human
making the necessary corrections.
— Repeat.

*Relies on the human driver to generate a rich set of steering
errors: time consuming and unreliable.
Can be dangerous if training in traffic.

a8t
u QE‘E o
as I .
nfust Interactive Systems Labs
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Simulating the Steering Errors

e[et humans drive as best they can.

eIncrease training set variety Original Image
by artificially shifting and

. . . \‘\ ' . -
vt he et sppers M AN~ N[N N
at different orientations 1 71 S E &
relative to the road. l\ l\ N l[ l‘ ‘%‘

*Generate 14 random shift/rotations for each image.

*A simple steering model 1s used to predict how a human driver
would react to each transformation.

we2h%
i - O
nfust Interactive Systems Labs

\ ,
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Network Weights Evolving

Hidden Hidden Hidden Hidden Hidden

eInitial random weights look
like “salt and pepper’” noise.

Unit 1 Unit 2 Unit 4

p b L g
= (£ %, o
- . ey X
h ma e ey F
- B iy L.
o ] - J * E
ol g !
o ot 7 H r
b eV e e e Y
e A
. s
- @ H [

*During training, the hidden
units evolve 1nto a set of
complementary feature
detectors.

:-i“‘ Interactive Systems Labs
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Problem with Online I.earning:
Network Can “Forget”

*The network tends to
overlearn recently encountered
examples and forget how to
drive 1n situations encountered
earlier in training.

* After a long right turn, the
network will be biased toward
turning right, since recent

training data focused on right S~
ITS.
t'l"ul—l_
L
B Eest Interactive Systems Labs )
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Solution: Maintain a Buffer of Balanced
Training Images

This 1s a semi-batch learning approach. Keep a buffer of 200 training
images.

Replace 15 old exemplars with new ones derived from the current
camera image. Replacement strategies:

(1) Replace the image with the lowest error

(2) Replace the image with the closest steering direction

New Exemplars: [0 [ ] 1 [ ]

0 S SR AN AN

Le38% Bufﬁar:D:IDI:HDEDDDDDHD:DEDDEDD:DO

AT Interactive Systems Labs )
L
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Multi-Modal Inputs

*ALVINN can avoid obstacles using a laser
rangefinder. It can drive at night using laser
reflectance imaging.

Regular Laser Laser
= Video Rangefinder Reflectance
stslu
*'W
al 1
Bhest Interactive Systems Labs
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y

Comparison with the
“Traditional Approach”

[) Determine which image features are important, e.g., a yellow
stripe down the center of the road.
ALVINN finds the important features itself.

2) Hand-code algorithms to find the important features, e.g.,
edge detection to find yellow lines.
ALVINN constructs its own feature detectors.

3) Hand-code algorithm to determine steering direction based
on feature positions in the image.
ALVINN learns the mapping from feature

‘ﬁlﬁ* detector outputs to steering direction. o
E‘.‘.-ﬂ Interactive Systems Labs

e
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ALVINN's Shortcomings

*The single-network ALVINN architecture can
only drive on one type of road (unpaved, single-
lane, double-lane, lane-striped, etc.)

*Can't transition from one road type to another.
*Can't follow a route.

*Solution: rule-based multi-network integration.

E‘;;ﬂ Interactive Systems Labs
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Hybrid ALVINN Architecture

1

Direction
and Speed
Arbitrator ‘ Expected
errain
Travel
Video Video | |Reflectance| | Range Range Mapping
One Lane || Two Lane One Lane EEE;;; gﬂg&rﬁg Systern
Network Nerwork Network Network Network i
(x.¥)
position
Positioning
System

" Video Camera Laser Laser

entt Image Reflectance RangeFinder
3 5 e
et Interactive Systems Labs
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Iné druhy umelfch sicti

Klustrovanie, topologické mapovanie...

File Actions Settings Help 0

input walues

Homunculus

Ako sa roboty ucia? September 2009
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Su umelé neuronové siete univerzalner

Druhy ucCenia:
UcCenie s uCitefom (supervised learning)
UcCenie bez ucitela (unsupervised learning)

UcCenie odmenou a trestom (reinforcement learning)
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Povaha dat — sensory

Informacie, ktoré robot ziskava z realneho sveta
maju celkom iny charakter ako diskrétne udaje
ulozene v pocitaci. senzory poskytuju zasumené
data a algoritmy sa s nimi musia popasovat!
Sensory nikdy neposkytuju uplnu informaciu o
stave prostredia — iba meraju niektore fyzikalne
veliCiny s obmedzenou presnostou a
spolahlivostou

Informacia zo senzorov sa ziskava draho: stoji
cas a ine zdroje, nie je kedykolvek k dispozicii
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Preco pravdepodobnost’

V realnom prostredi robot musi narabat’ s
neurcitostou a nepresnostou

svojich akcii
merani senzorov

Presnost a spravnost modelu, ktory si
robot o svojom prostredi vytvara su
kfuCove pre uspesnost jeho misie

Vsetky data, ktore su k dispozicii je treba
pouzit (alebo aspon zvazit

Mnoho dat ma povahu pravdepodobnosti
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Aka pravdepodobnost’?

* Vlastnost senzorov E va
* Presnost’ senzorov N
v . 0 ‘TE 0_24 f=fp£5% >
* Presmykovanie kolies o
* Obmedzena presnost e

Figure 5. Frequency Dependence of Responsivity

rladenia motorov

* Presnost vyroby kolies

* /Zmena chovania v zavislosti
teploty a pod.

Figure 12. Directivity
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Aké pravdepodobnosti

* Tieto nepresnosti mézu byt zmerané a
modelovane pomocou rozdelenia
nahodnej premennej (Statistika)

* Jedno Citanie zo senzora obsahuje viac
informacie, ak pozname
pravdepodobnostneé rozdelenie pre
spravanie sa tohto senzora

* Robot si nemoze dovolit’ tuto informaciu
nevyuzit'
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Aké pravdepodobnosti?

* Zlozitejsie priklady:

* Poloha a orientacia robota
(robot pose)

* Mapa prostredia

* Planovanie a riadenie

* Vyber akcii

* Usudzovanie...
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Povaha dat

=
7

HE

Odometry Data Range Data
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Priklad pravdepodobnostného merania

* Robot pomocou senzoru namera z
* Aka je P(open|z)?

-
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Kauzalna vs. Diagnosticka znalost’

* P(open|z) je diagnosticka
* P(zlopen) je kauzalna

» Casto zis me kauzalnu znalost
jednoduchsie

znalost: /

P(z | open)P(open)
P(z)

P(open| z) -
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Priklad

* P(zlopen) = 0.6 P(z|—~open) = 0.3
* P(open) = P(—open) = 0.5

P(z | open)P(open)

P(open | z) =
(open!?) P(z |open) p(open)+ P(z |~ open)p(~ open)
0.610.5 2

P(open|z) = = —=0.67
(open|2) 0.60.5+ 0.300.5 3

« z zvysilo pravdepodobnost,
ze dvere su otvorene
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Kombinacia Pozorovani

* Robot vykona druhé meranie z,

* Ako kombinovat tuto informaciu s
predchadzajucou?

* Vo vSeobecnosti, da sa kombinovat N merani
P(x|z,...z )?
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Rekurzivne Bayesovské Pravidlo

P(x|21,....20) P(zn|x,z1,...,20-1) P(X| z1,...,20- 1)

P(zn|z1,...,2z0-1)

Markovovsky predpoklad: z, nezavisi na
z,...,Z,_, ak pozname x.

_ P(zn|x) P(x|z1,...,20-1)

) P(zn|z1,...,2n-1)

=N P(zn|x) P(x|z,...,20-1)
= H P(zi|x) P(x)

i=1l..n

P(X|Zl,...,Zn)
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Priklad: Druhé meranie

* P(z,lopen) = 0.5 P(z,|mopen) = 0.6
* P(open|z,)=2/3
P(z, |open) P(open | z))

P(open|z,,z,) =
P(z, |open) P(open|z,)+ P(z, | open) P(~ open|z,)

2
3

1
2 .5
= 2 = 0.625
T2y 3gb 8
273 53
e 7, znizilo pravdepodobnost,

Zze dvere su otvorené
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Modelovanie akcii

* Vysledok akcie u zakomponujeme do

aktualneho “belief”, pomocou podmienenej
pravdepodobnosti:

P(x|u,x’)

* vykonanim akcie u sa stav zmeni z x’ na x

Ako sa roboty ucia? September 2009



‘ Priklad: Zatvorenie dveri

R
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Stavové prechody

P(x|u,x’) pre u = “zatvor dvere”:

0.9\‘
“_ 0

Ak su dvere otvorené, akcia “zatvor dvere”
uspeje s pravdepodobnostou 90%
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Example: The Resulting Beliet

P(closed |u) = z P(closed |u,x")P(x")
= P(closed |u,open)P(open)
t P(closed |u,closed)P(closed)
9_5 1.3 15

- =+ Z[]J== ==
10 8 1 8 16

P(open |u) = z P(open |u,x")P(x")
= P(open |u,open)P(open)
t P(open |u,closed)P(closed)
i ] é + 9 ] é = i
10 8 1 8 16
1- P(closed | u)



Markovsky predpoklad

p(z,|x,)
p(x, | x._,u,)

p(zt ‘XO:tﬂzI:t-lﬂulzt) B

p(xz | xl:t-lﬁzl:t-lﬂulzt) -
DalSie predpoklady
* Staticky svet
* Sum nie je zavisly
* Model je dokonaly, nedoslo k zjednoduseniam
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Bayesovské filtre

Bel(x,)=1 P(z,|x,) j P(x, |u,,x,,) Bel(x,.,) dx,,

* Kalmanove filtre

* Diskrétne filtre

* “Particle” filtre

* Skryté markovovske modely
* Dynamickeé bayesovske siete

* Partially Observable Markov Decision Processes
(POMDPs)
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Dimensions of Mobile
Robot Navigation

SL

mapping

integrated

approaches

exploration

AM

localization

active
localization

motion control
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Pravdepodo

bnostna Lokahzac1a

A
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

IIIIIIIIIIIIIIIIIIIIIIIIIII
a  ——




Lokalizacia pomocou
“Particle” Filtrov
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MCL: meranie
Bel(x | z) = ap(z|xz) Bel(x)




PF: pohyb
Bel(x | u) = //p(w | w, ) Bel(2)

\ |




Bayesovské Programovanie Robotov

® Integrovany pristup, ktory vsetko modeluje
pomocou pravdepodobnosti

® Priklad: trénovanie robota Khepera

® (video)
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Logical Paradigm

Avouid

AvoidObs(01)
Obstacle

Pierre Bessiére ©2008 ]



Bayesian Paradigm

R
T o P

e

y Af; ﬂ#ﬂ@’

il A

*

. \
Connaissances \
Préalables \

P(MS | DC)

Donnees
Expérimentales

Pierre Bessiére ©2008
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Principle

Pierre Bessiére ©2008

Incompleteness
Preliminary Knowledge
+
Bayesian Learning Experimental Data

Probabilistic Representation

Uncertainty

P(a)+ P(—~a)=1
P(a A b) = P(a)P(b I a) = P(b)P(a | b)

Bayesian Inference

Decision

CENTEL MATIOMAL
LIE LA KECHERCHE
SCIENTIFIALE



Bayesian Program

KSpec;ﬁcaﬁon

» Variables

* Decomposition

» Parametrical Forms or Recursive Question

Description\
AN

Prelimimary Knowledge &t

Program
L eA

\fdenﬁﬁcatfon
Experimental Data 0

Utilization

/Ouestion

CEMTEL MATIOMAL
1Y LA KECHERCHE
SCTENTITFHALIE
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Pushing Objects

/ Specification
* Variables
=
RS
=t
| -
2 <
n
O
c [0
E<
(@)}
&
(0=
=
0
D
o
=
¢
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Pushing Objects

/ Specification

* Variables

Dir A Prox A Vrot
* Decomposition

P(Dir A Prox AVrot |6 A1)
= P(Dir |6 Am)x P(Prox|6ax)x P(Vrot | Dir AProx Ad A )

* Parametrical Forms
P(Dir A Prox |1 a &) < Uniform

< P(Vrot | Dir A Prox A A r) < Gaussians

o

Description\

=2 Preliminary Knowledge x
Identification
* Joystick Remote Control =» Experimental Data 61

P(Dir A Prox A Vrot | 61 A JI)

Program

.
Utilization
P(Vrot |[ Dir = d| A[ Prox = p| A8l A7)

@uestion

CEMNTEL MATIONAL
E LA KECHERCHE
SCIENTIFHALE
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Stochastické metddy: Monte Carlo

Zistit obsah urcitého tvaru:
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/ VvV /7

Stochastické metody: Simulované

Prehladavaci priestor skumany na zaklade
lokalneho okolia:

objective function bal |
’i #‘__F_,gl-:n maximum

shoulder

N\

local maximom

—

"flat" local maximum

d-ctate cpace
current

ciate
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Principy Prirodzenej Evolucie

Informacia o jedincoch je ulozena v ich genotype,
ktory pozostava z genov / aliel

Uspesnejsie jedince maju vadsiu $ancu prezit a
preto vyssiu pravdepodobnost potomstva

Populacia jedincov sa prisposobuje meniacim sa
podmienkam, kedze viac prispésobene jedince budu
previadat v populacii

Zmeny genotypu prichadzaju prostrednictvom
mutacie a rekombinacie
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Evolucné vypocty

Hladame riesenie nejakého problému
Jednotné koddovanie rieseni (reprezentacia)

Fitness: ucelova funkcia, ktora Ciselne ohodnoti
vhodnost jedinca

Populacia: mnozina nahodne vygenerovanych 5
jedincov ‘_
Principy prirodzenej evolucie:

2 vyber, rekombinacia, mutacia

Bezi mnoho generacii
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EA pojmy

genotype and phenotype
fitness landscape
diversity, genetic drift
premature convergence
exploration vs. exploitation

selection methods: roulette wheel (fit.prop.),
tournament, truncation, rank, elitist

selection pressure
direct vs. indirect representations
fitness space
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Genotype and Phenotype

genotype phenotype

Genotype — all genetic material of a particular
individual (genes)

Phenotype — the real features of that
individual
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Fitness landscape

= Genotype space — difficulty of the problem —
shape of fithess landscape, neighborhood
function
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Population diversity

(x10%)
20 5
18 3
16 3
143
122
10

Fitness variance
Fitness variance

R AAY

I X i | i :r
2 ¥ " Conventional 2=

1 T T T T | T T T T 0
0 5000 10000

Evaluations

0 500000 1000000
Evaluations

Must be kept high for the evolution to advance
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Premature convergence

350000
15
330000 | H‘-
x
&
L
k‘\
310000 E:
L E] -, =
3 . “ Conventional GA Convenn_or;a. b
" b - ; rmin.
e % “*x_& I’,_:] yg_f- f 4
o 2090000 | e /
o —_—
L]
=
t g S
L T
270000 | B
\__\_\_\_\-_
GA with Reserve -
i Selection (min)
250000 |
GA with Reserve e
Selection (avg.) “x;::
230000 i i i i i i i i i i i i i

1 11 21 31 41 51 51 71 81 91 1M1
Generation ID

important building blocks are lost early in the
evolutionary run
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 Genetic drift

“ Loosing the a
population g
distribution Sosl ﬂ’._. |
due to the - N

sampling error

| | | | | | | |
5 10 15 20 25 30 35 40 4% 50
Generations
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Exploration vs. Exploitation

Exploration phase: localize promising areas
Exploitation phase: fine-tune the solution
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Selection methods

roulette wheel (fithess proportionate
selection),

tournament selection
truncation selection
rank selection

elitist strategies
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Selection pressure

Influenced by the problem
Relates to evolutionary operators
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‘ Direct vs. Indirect Representations

VRML Open [nventor
L L~
ey (G )
_.a"'-j;,}\?‘_{é‘ '\.\_\_\_H_
2 3N zw,@f;/%j ?“‘m T
& I r"- A ; .rf "I.I
v B 'gL,} (}_{ Y \:J? ‘ﬂ O =
— - B S "'-.H ' 1 B C D
f{:f# | tree root F’/L '},_{’ /L::';r ’ ’:: :3““\(}
Py . d "xl,-f'l I'xl_-_.-”' ' Sy I'hl.-.x'l
() separator node A C . A
ij—;j transformation node -

e
=y

.ﬁ| . - )L
B leaf - prism -
: A

fitness=0.105 fitness=0.652
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Fitness Space (Floreano)

Functional vs. behavioral
Explicit vs. implicit
External vs. internal

Ako sa roboty ucia? September 2009
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Evolutionary Robotics

Solution: Robot’s controller

selector node
output nade,,

(D
(+ (FLTE)
0 QeI
) &

T module 1

— module ¢

sensory ]
T ropot
readings .

—_—
— actuatars

— module 3

module 4

Fitness: how well the robot performs
Simulation or real robot
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Fitness Influenced by

/h/y /ﬁ/y

B s v\ 7 oamm—m—

RObOt MQJ' 'mlynnecth

readings

SENSC
Inc readin

recurrent connections
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Evolvable Tasks

Wall following
Obstacle avoidance

Docking and
recharging

Artificial ant following
Box pushing

Lawn mowing
Legged walking
T-maze navigation
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Foraging strategies
Trash collection

Vision disp_rimi_nation
and classification
tasks

Target tracking and
navigation

Pu rsui_t-evasion
behaviors

Soccer playing
Navigation tasks
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Neuroevolution through augmenting
topologies
The most successful method for evolution of
artificial neural networks
Sharing fitness
Starting with simple solutions

Global counter

I.e. Topological crossover — very important for
preserving evolved structures
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What 1s Learning?

PROTESTING AGAINST NEW TECHNOLOGY — THE EARLY DATS

MIE AR0D IOLEAUN AW SUCDLED LOMIOMNI G SFE-L00Z 90

WA
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