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i Keyword:

= Research Topics

= Evolutionary computation (1L B 5+ & F5%)
= Evolutionary systems GE{EEI S X7 L)

= Artificial life (NI &dn

= Genome informatics / Bio-informatics
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What is Evolutionary

‘L Computation?
«EP Fitness

= Genetic Algorithms ‘ tion t
BT LTV L : o

1
=6

= Genetic Programming
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i EC detalls-

Initialize populatlon

Evaluate fithess of populations

Check terminal -

| Selection ?ﬁ

Breed new generations

* HLLL y

EEEE |
Mutation Crossover
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i GA Operation:

Genotype

Genotype
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i GA Theory

= Schema

= useful building blocks
«»111*%01 ={111101, 111001}

s Schema Theorem

m(H,t+1) > m(H,t).@.{l_ )

I—1}



i 2-armed bandit
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i GA Theory (2)

= Deceptive Problem

=« Minimal deceptive problem (MDP)

« 11 DVERE

o F(0%)> (%) Ff=lE F(0)> F(*) A RRLILT B
= No Free Lunch (NFL) Theorem
ZP(d | f,m,a’)




i GA Search Property

= Crossover

= Global search operator

= Useful substructures combination
= Mutation

= Local search operator

=« Schema recovery
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i Whatis GP 7

s GA: /I\TA—Z D Ex 1
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Genetic

Programming (GP)

X =1.2;

if (y < 10) {
y *= X;
}

/ Representation :

o N
AN

for (int i=0; i<100; i++) { Tree  gefq  for

I x/}z 106’\%\\

//\\

Part tree = *_ \

Substructure of a prograrqy IOY x I )

A;

Mutation.

Crossover

\ Population

Selection.

A/‘\




i GPOEARER

« Terminals (RimidS. . 51%0)

N (glsz&lﬁ'ﬁ: % F &)
= Fitness GESERED -+

s Parameters (/A5 A—4A)
s Terminnation criterion

' i



‘L GP Operation: Crossover

equal setq

Exchanged




i GP Operatio utation

lambda quote
@ - lambda
quote \'4 y

X quote
mutated ‘




i Example: Wall Following Task

501 =

=« F={TR, TL, MF, MB, IFLTE, PROG2}

= T={S00, SO1, ..., S11, SS, MSD, EDG}



i-‘r“%

= Swam version

= Wall followin

Box moving

Wall Following

Titial Direction
e ® o0 e e o e e e itial %-Goordinate: 01-278) [ [ % o PR
[ ] [ ] Thitial r-Coordinate: (11-278) ’m— O east-northeastB0) O west-southwest 2107
 north fC south ]
L] L] I Locate the Robot Randomly . ’ . ’
° see e  northi90) & southi@i)
Forward Pace: 05-25) ¢ north-northwest{1200 © south-southeast(300%
L] [ ] - Backward Face: (05-25) ’— " west-northwest{B0D 1 east-southeasté307)
L] L] Mas: Generation: 611000 [T
L LALALIL) Species: (10-8192) [
[ ] [ ]
[ ] L 2E 2E JK ) ® Generation |2 i‘ Fitness [i8 Test
* * * *
® ® ® ®| [CTFLTE (IFLTE {PROGH2 { PROGH2 TL ) 26 ) 510 53 L
10 (IFLTE MF (PROGNZ 2 §1) ( IFLTE 58 { PROGNZ 4w
LALALAL] ® | ® @ @ ® @ |vrs0) TRMF)(FLTES520 TS ) 12 { PROGNZ o
ST MED) 2
& food  block  delete o 4
E 0
R I—
0
Delay{0-2147483647) [3000000
Wl clear trace Eonedtem

WallFollowineDemo

| H
: e° o
® ® oo

o0

Best Fitness: 38.0
Best Tree: (PLUS ( PLUS $2 ( PLUS ( HALF (IF_LT (PLUS S3 (Double $2) ) (HALF (HALF 52) ) S5 ( PLUS §152))) (IF_LT $2 $3S3(PLUS (HALF §2)§2)))) §3)
Mvarage Fitness: 26.25
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i EDA&E (A A ?

= EDA=Estimation of Distribution
Algorithm

= 1L ET & (Evolutionary Computation) 28
1T5FLWVEZA

- HEDBEE
SHFEEOHSE

= EDA + VAE

= EDA + DL
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Evolutionary
Computation
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:b GA v.s. EDA
. _ EDA
enetic Algorithm
- | 1/1/0/101]0]1/0]1
3 |0 [1]0/1/0/1/1]1/0
7 gEsm ||
0.5 1|0 [1]0|1 |0.5|100.5
~ M (—HRATRL) O
3-1 1/ 1 ()()‘ 0.6 (0.8 |0.1 |04 (0.9 [05/04 [0.1]0.2]|0.9
ES 0/1(0{1/0(1/1|1/010




i EDAMDREEH] BEET XXX,

0(X, =1) =0.75 110 011

0(x, =1) =0.75 ) 110 111

(x, =1)=0.5 Generate 010 111
2 :

110

110
EStimate\ Sampling
Distribution



i Probabilistic Model Building EA

s PX | D)ZROHTENER
 SESELHERETILAEZOND
MR, CEBURTE, FRREE, S EHIKE
s RKOT=p(X | D)IZ&K>TH =B FEERK

X[EChromosome

DIF:ERSn -1 REIA




EDADO7IITYX L

Generate initial population and
evaluate them

Get solution

L

Select some promising individuals

o

Generate a structure of the variables
by using the selected individuals

B

Generate offspring by sampling the
structure and evaluate them

I
Replace old population by offspring

NoO

€S




Univariate EDAs in Discrete

Domain

= UMDA (Muehlenbein, 1998)

» Population-based
= PBIL (Baluja, 1994)

= CGA (Harik et al., 1998)
« probability vector

= RIGHEH

TH

2l

® 5 &



i ¥ 77 - UMDA
- REHEEmIETH PP =PXI0)

. RSARGBAHREIZ =[] p(x10)
FURDHBND _1'_0[9__
» ZHEOKERBRIE S
HEE SN 6, 17 H DTS
1 & H OARBEIC & DR

0 =argmax {1(¢| D)}
FYBHLGERBOET IV o
BETHETET D =arg gnax{p(D 10)}

~




Bivariate EDAs in Discrete

i Domain

MIMIC (De Bonet et al., 1997):

R EIR R EIAED

(a chain of nodes)
BMDA (Pelikan and Muehlenbein, 1999):

COMIT (Balujaand Davies, 1997): @

Ra . ot

) (%)

(Tree Structure)

( a forest of trees)



Multivariate EDAs in Discrete

i Domain

EBNA (Larranaga et al., 2000) ,_

BOA (Pelikan et al., 2000) @ @ @ @

FDA (Muehlenbein and @ ..........................
Mahnig, 1999) ' '

ECGA (Harik, 1999)




i BlETEMEDHEE

Structure Learning Offspring
Xy [ X2 | X3 X, [ X, [ X5 | X,
1 10 |1 :> :>1 1 (1 |1
1 1110 1 |1 [0 |1
0O |1 |1

P(Xl)—0.5 0 |1 ]1 10
0 11 10 P(X2|X1)=0.5 1 (0 [0 |1

P(X3|X1,X2)=0

P(X4|X3)=0.5

» HET AL —BNITLHHEE . FAREME
Y TIVE, HEERRE) SNEAS




i — ZHUKTF  MIMIC
« ZEBIRGEEE

. TSNS 7 =argmin{KL(p(X| D)l p(X| 7))}
EDnMzrmb LS p(X| D) ~ p(X| )
T D EHDIE
5InZEiEER =11, 1x..)
= KLERREZ &R/IMET [0
5IEF Lk

O DR OuD



i [ B 2 - ECGA
s /DB R (MDL) IZ&- T, FIBEERD
IN—T A4V ERFET D
» FINEERCTEMOKRGFEHEERETHTE

L3

p(X| D) = p(Xg, Xy, X5, X, | 0)
@ @ = p(X;10,)p(X,10,)p(X,, X,|0,,)
;
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i BOA, EBNA, LFDA

» SRR
s (M| D)emKIZT HMEIRE
= BIC, BD metric + K2 algorithm, Algorithm B
p(X|D):%:p(X|M,D)p(M |ID) M = arg max p(M | D)

~ p(X|M,D)p(M |D)

o
< p(X [M, D) e‘eﬁe
:H p(xi |7Z'i)



EDP (Estimation of Distribution
i of Programming)

= %I_Ijqchlﬁi-frlm
EDRT .

XX, EARAETEZTELI=Y

eBloatZ 1z 7=1>

- HEEST ~
ey Intron® X

RZHIEL =0

istribution

Gene

REPRAREZENGZOEL

Frequency

e [\ >>

Generate the new population
based on the distribution
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ﬁ?"l:lﬁ‘%L\iEkO)ﬁﬁE

= Probabilistic Function Evolution based on
Estimation of Distribution
= POLE

« Bayesian network + expanded parse tre

= PAGE-EM

N

= PCFG with latent annotations + EM Algorithm

= PAGE-VB

= PCFG with latent annotations + Variational Bayes

Yoshihiko Hasegawa, Hitoshi Iba:

54

Latent Variable Model for Estimation of Distribution Algorithm Based on a Probabilistic Context-Free Grammar.

IEEE Trans. Evol. Comput. 13(4): 858-878 (2009)



i Parameter Estimation with EM

= EM Algorithm

= Maximize the lower bound of log-likelihood

= Iterative optimization (hill-climbing)
log P(T;©") — log P(T"; ©)

P(T;©)

P(T;0)

= log
P(T,X;0") P(X|T;0)
P(T,X;0) P(X|T:0)

P(T,X;0)
P(T,X; ©)

= > P(X|T;0)log

> ZP X|T:©)log

QO'0)= > » P(X|T;:0)log P(T;. X;: ©)

17,eT X;



i Wall-following Problem (cont.)

o ﬁ’“ﬁ@fﬁ#f:ﬁb\f% Possibility
EDPIZH#EILLERIT S, o Suceess
« [GUNEREIZELY ., EDP et
[LGPLYH/NEL =
I1(1000, i, 0.99)%#D

o

; '2'0' : '4'0' . 'E'I:I' - 'B'I:I' - -1ﬁDGenerat1cm

Mumber of Individuals
ta be Processd

Qo000

500000 GP fmutation )
400000 GPfcrossover)
00000

200000 EDP
1006000

20 40 60 g0 1gpoeneration




LR R

Max problem

Possibility

of Success

1

0.8

0.6

0.4

0.2

XEDP

Type
» Type C
Type A
GP(crossover&mutation)

GP(crossover)
s
Generation

20 40 60 80 100

Number of Individuals
to be processed

50000

40000

30000

20000

10000

Type A

Type C

Type D XEDP

Generation

20 40 60 80 100

Related methods

Multiplexer problem

Possibility
of Success

EDP

GP(mutation)

GP(crossover&mutation)

GP(crossover)

- Generation
20 40 60 80 100
Possibility
of 1Success XEDP
08 Type C
Type D
0.6
Type A
0.4
Type B
0.2
K 20 40 60 80 0o Generation

Number of Individuals
to be processed
GP(crossover&mutation)

Type A
Type B
Type C
Type D

Uses only the CPT.
Uses only the RD.
Uses the CPT and random mutation.

Uses the PPT* and the RD.

200000 ‘
175000
150000
125000 Type C
100000
75000
50000 \ L¢7\
25000 YEDP GP(crossover) Generation
20 40 60 80 100

Regression problem

Number of ~ GP(mutation)
programs

20

XEDP

15

10

GP(crossover&mutation)

GP(crossover) .
Fitness
5 10 15 20

Number of
programs
20

XEDP

Type D Type B

Fitness

5 10 15 20

(The best fitness at 501" generation)

* The PPT is the probabilistic model
without any probabilistic dependency.
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File (F) Edit (€} GP Run (B} Help (H}
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View 'GP Parameters | Results | L e v 0K |
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Answer : XfEEEGEILETE
IEC : Interactive Evolutionary Computation



i Interactive Evolutionary Computation

EEEERIET

i T %




IEC

Initialize population

.
»

o e | | e | o | [T

\ 4

t[ System shows the individuals } &I--.

Evaluate fithess of populations by user

\ 4

Check terminal

| Selection ?&

v

Breed new generations

* ||Q‘| y

EEEEEEE
Mutation

EEEE |
Crossover
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File Edit

Generate View Animate/Sound Window Help

—\®

o

B

Untitled 2

A B

Evolve ...

k. Parameter Genes Gene Editor 1
{ Time | Area  Color Bias (iog
17281 > [%s]" pem g
Sart: | -1.728] [>[ ] x 4th Generation
ey
-3 -2 -1 } xT
rotate
Span: | 0380 [»[*[*
—_—— min | [ YTX
=2 g L rotate | [ XYT
=
T me— 72 ™ (=
Replace 2 1
S T
——— 0.000 J
—— 0000 SBArt4
—— 0.000 - §
Start | Step || Reset | Exportback || NewField |

_Stop at th step. Parameters As Animation
Node List Lip 1.000 i =
p Binary Operators Best20  The initial was imported from Untitled 2. 242 steps

» Unary Operators
» Variables

L)
«

Constant

0.7693

Best and Average Fitness
080

0.754
0.704
0.654

0.60.

50 100
by Mimimal

150 200

Generated by SBArt 4.3.0 Aesthetic Measures.

Gap and C

.

ures
P Favorable complexity: )
feplor m: J== 0.8000
== "0.2000

)3 ‘ Favorable saturation
tness histogram:

Y e [0.1000 Gray~ Average  ~ Colorful

512 x 384 (1) ( Reset

fluation:

——— 0.7000
Standard deviation:

factor of colors:
= 0.3000 m—
0.5000
= 0,3000

For Animation
ation:

e 0.1000 Number of frames for evaluation
e — 10
Slow +-

on for animation:
g 0.5000

- Fast
0.2500

Motion

SBART: Tatuso Unemi @So

http://www.intlab.soka.ac.jp/~unemi/sbar

Ka University

t/4/ja/



Deep Interactive Evolution

= Deep learning + IEC = o

Target Final Beet

A B

1 2 3 4 5 10 - Target

Deep Interactive Evolution
Philip Bontrager, Wending Lin,
Julian Togelius, Sebastian Risi
arXiv:1801.08230 , 2018.
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Genom Tree Editor

( Store ) (EdilTree) (Vieleee)

laXala)

7|

DN N

Individual 0
Individual 1
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