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Evolving Architecture of Neural Controller and
Reinforcement Learning for Multiple Rewards

based on Modular Structures*

Takumi KAMIOKA

Abstract

An optimization method such as machine learning and evolutionary computa-
tion is required to adopt autonomous systems to unknown environment. In order
to apply optmization methods to real problems, there are many particulars of de-
sign such as a control architecture, an objective function and meta-parameters.
These are usually designed by a trial and error approach. Especially, design of
a control architecture and an objective function for complex problems becomes
difficult. Here, we propose (1) an evolutionary acquisition method of a control
architecture and (2) a robust learning method for a design of an objective func-
tion.

NeuroEvolution, which is a framework for optimizing architectures as well as
connection weights of artificial neural networks, has been studied for an au-
tonomous acquisition of control architecture. A conventional approach directly
encodes each connection weight by one gene. However, such methods could not
effectively explore a structure of a large network, because the unit of exploration
is only one connection. In this study, we propose a novel method which allows to

explore by the unit of a sub-structure obtained through evolution. The genetic

*Doctoral Dissertation, Department of Bioinformatics and Genomics, Graduate School of
Information Science, Nara Institute of Science and Technology, NAIST-IS-DD0661009, March
17, 20009.
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representation of our proposed method enables to define a connection between
two neurons either a real valued weight or a subnetwork. Therefore, a network
can be represented by a combination of modules, and can be explored by the
unit of both one connection and a sub-structure. In a computer simulation, we
show that the proposed method effectively solve the non-Markovian task, and
produce a wide variety of network architectures by exploration based on modular
structures.

For design of an objective function, We have to consider a variety of aspects,
and therefore it is a natural to formulate the task as a multi-objective problem.
We consider to apply reinforcement learning (RL) to multi-objective problems.
When RL is applied to a multi-objective problem, a common way is to scalarize
multiple rewards by linear summation. However, RL based on linear scalariza-
tion causes sensitive for rewards design, because the structure of the problem
which is defined by multiple rewards is ignored. We propose a modular reinforce-
ment learning method for multi-objective problems, called Max-Min Actor-Critic
(MMAC) algorithm, which updates a separate state value function for each objec-
tive and obtains a Max-Min optimal policy. Computer simulation shows that the
Max-Min optimal policy is robust with respect to the scaling of reward functions.

Thus MMAC can simplify reward designs in multi-objective problems.

Keywords:

evolutionary computation, reinforcement learning, modular structure, structural

search, reward design

v



010

oood 1
NeuroEvolution OO OO O QOQOQOOOO ... ... ... 2
O000D00D0000000000 « ... .. 3
DO000D00000000 ... 4
0000000000 D00O0 NeuroEvolution 6
NeuroEvolution . . . . . . . ... ... . 6
OO000 ... 7
OO0O0 .. e 9
3.1 OO0000000 .. ... e 9
3.2 NeuroEvolution of Augmenting Topologies . . . . . . . .. 12
3.3 ModularNEAT . . . . . ... .. ... 13
3.4 Cellular Encoding . . . . . . . .. .. .. ... ... ... 16
3.5 embedded Cartesian Genetic Programming . . . . . . . . . 17
OO000000000 ... e e 20
4.1 OO0 .. e 21
OO000D0O000 ... e 23
5.1 0000 ... 25
5.2 00000 (CMA-ES) . . . ... o o 31
OO000000000 ... e 34
6.1 2000000000 ... .. oo 34
6.2 OO00O0D0000O0 ... 0o 39
OO0000 ... 46



0 30 Max-Min Actor-CriticO000JOO000OOOOOOO

1 I 0 L P
1.1 OO0O0 .. e
2 OO
2.1 I L
2.2 I 0
3. MOMDPODO ... .. ..
3.1 ParetoODO OO . . . . .. oo oo
3.2 Max-Min OO OO ... ... 0o ..
4. Max-Min Actor-Critic . . . . . . . ... ...
Max-MinOOOQOOOO .. ..o
5.1 300 MOMDPOO .. ... .. ... . ...
5.2 OO0O000 ... e e e e
G I I 1
6.1 OO0O0 . e e
6.2 OO0000 ... e
7. OO0O0O00 .. e e e e e

040 0000000

00
00
S I I I 0
/S I I I I
gooon
gobooo

vi

47
47
49
20
50
o1
52
92
93
93
26
o6
o7
29
99
64
67

72

74

76
76
76

79

92



2.1
2.2
2.3
24
2.5
2.6
2.7
2.8
29
2.10
2.11
2.12
2.13
2.14
2.15
2.16
2.17

3.1
3.2
3.3
3.4
3.5
3.6

NEOOOOODO . ... e e 11
NEATOODODOOO ... .. e e 14
ModularNEAT O OO . . .. . .. oo o 16
Cellular Encoding OO . . . . . .. .. ... . ... .. 18
cGpOODOOOOODOOO .. ... . 20
ECGPOOOOOODODO . ... e 21
OO0O00 . . e e 22
O0000000000 ... 22
OO0O0O0O .0 24
000000000 ... 000 26
I 0 L P 32
2000000000 .. o000 s e 36
DPNVOOOOOOOoOoOoDoDoooooog ..o .. 38
O000000000000 . ..ot 42
0 0 P 43
Oooooooooooooooooogon ... 44
I 0 O PP 45
W-learningO O OO WOOOOOAOd .. .... ... ....... 51
Max-Min Actor-criticO0 OO0 . . . .. . .. ... ... ... ... 55
300 MOMDP . . . ... .. 57
OO00O0000 ... 60
m(so,a2) OO0 oo o 61
N I 2 1 I 1 62

vil



3.7 TDODO oo 63

3.8 ODO0OO0O0OO gridworld . . .. ..o o000 oo 65
39 DO00O0O0O0O0O00O00 ... 68
3.10 MMACO GMQLOODODODOOODOO ... ... .. 69
311 0000 .« oo 70

viil



2.1

3.1

O

DpPNVOOODOOODO

gbobobooogboo

X



10 oood

gobodbbuogobbuooobooobbuooobbuoobuooooboa
gobogbbooobobuooobboobobobbooobbbooobboo
gbbodgbboobboobboobboobbbooobbuooobboon
gbbogboboodgbbuoogobbubbuooobbuoobobbooobboo
gboboogoogon

1. ggbobbooogd
2. 000000004
. 000gooood
4. 0000000

0000000000000 000000(2)@)0o0ooooooooooO
O0oo00o00oooOo0oooo()oooooooooooooooooo
ooooooooooooOoOOOOOOOODODOOODbOOOObOODDOOOOO
ooooooooooo
oOo0COOOOO0OO0OO00o0oO0ooooooooooooooooDooODOOO0OO
ooooooOoCoOoOoOoOOoOoOoOOCOOOOOOOOUOOOgoooOooo
00000000 o0O0o0000oooooooo0ooOooooooooooo
03000000000000000000000 (feedforward neural networks;
FNNs) OOO0OOCOOOOOOOOO0OO0O00O0ooooooooooooooo
ooooooooooOoOOCOOOO000oobOooOoboObOoOoOoOoOoooo
ODO00000D000OOFNNsODDDOOOO0OODOOO0OO00ooObO00oooDonon
OO0000000o0oooOoOooOo0o0o00ooooooDooooooooooo



gboboodbbogobboobbuooobooobboobboobboon
gbobooodoabood

gbbouogobooobooobboobbuoobboobbooobood
gbobogbuodgbboobbooobbooobboobbooobbood
gbobobooggbbuogobbuooobbooobooboboooobbooon
gboogbodbodgbouogboobogbobuogbuoobooboooboon
goboooboooobobooobbooobboobuoooboboooonoboo
gbboodgbboogoobbooobbooobbooobbobooan
gbobodgbboobbobbuoobboobbooobbuooobboon
gooo

1. NeuroEvolutionO OO OO OO OdOOn

00000000000000000000000000000000000
0 0 NeuroEvolution(NE)0 D00 00000000000000 24 0NED
000000000000000000000000000000000000
0000000000000000000000000

0000000000000000000 f00000000000000 P
00000000000000GO0000000000000000000O0
00000000000000 AGODOOO APOOOOOOOOOOOOO
Af00000000000000O0O0O000000000000000000
0AGOOOO0O000000AfO00000000000000O0O0OOOO0
000000-000000000000000000000000000000
000000000000000000000000000000

NEOOOOOOD POOOOOOOO0O0O00O0O0OOOOOOOOOO00
0000000 NEOD1000000000100000000000000
000000000000000000000000000000000000
0001000000000 APO10000000000000000 POO
0000000000000000000100000000 APOOOOOO



OO00oO0boOo0ob00o0o0o AfgooboooobO0obooooooobDOobDoboO
0000000000000 000000D0oDOooooDoOOO Boobobod
gbbodgbboodgbbuooobbuooobboobboobbooobboo
gbobogbbodgbbooobbuoobboogbboobooobboon
O0O00000O0O0000OO0oDOOO0 AGUoU0Oopoooooobooooobooogoo
ApO000DO0DOO0OO0OU0OOODODbDODbDODUObOObOO
goboobbooobobooobbobboobboobbooobboon
gbodgbobboogbobbodgbbooobboobbooobbooobbon
gbobogbogobboogbbudgbboobboodobbuooobbao
gbobogobbuogoboobboobuooobbuooobbuooobboo
gbobogglbooodgobboogobboogbooooooobboboon
gboobodgbobooobobooobboobobooobbobbooobboon
gbhooboobooboboboobboobobboboboobooboon

2. 0gooooooboogoogoo

gbobugbbuooobooobboobbuoobbuoobboobbood
0000000000000 0O0000DO0000OoDOooOOoOoooon
goboobbuogobbogbbooobbooobbuoooboobboo
gobbooobobooobbooobbooobboobbobboobboo
g

1. ggboboboggobobogo

2. 000000b00b00b00O0

. 0b0bouoaoboo
gbbgboboboobobobuooboboboboboobooobobo

1. m:000000bbboooobbobooogn

2.0 00ogoooboboooobbboan

3



.00 000000000ODOO0O0O0O0ODOD

gbobogbobooogbbooobbobbuoogbbuooobbooobboo
0000000000o0o0O00oooooooooooo),2)ooooood
000000000000 3)00o0o000000D00o0oooDoooooooo
gbbogbboodbbuooobbuooobboobuooobbooobboo
gbobodgbboodbbubboogbbuooobboobbooobood
gbbogoboobbooobbuooobbuooobboobbooobboo
goooboboobobobbbobobooduugooooooobobbbbbobn
gbobogoboodgbbuogobbuoobuogobbuooobobooonooo
Dbhooobbgobboobbooobboooboobboobbuoobbo
gbudbboobboobodgbodabbobobooboobboboboobon
gbobbuoogobbbooobobobuoooobbobuooobbodao

3. Ugoooooobooon

gobogobbooobooobobooobboooboobbooboboo
gbbbuoobobbboodgbbboooobbboooobbbooaob

2000000b0b0obobobooboboobobboob NEDOODOO
gbobogobbuogobuogobbuoobobobooobbobboobboo
gboogoboggbbooobbuoobboobboobbuooobboon
gbobogbouogobbooobooobbogobbuooobobooonoboo
ooobobooboboboobobuoboboboboobboobobon
gbogbbuogobooobboobbboobboobbooobbbao
gbobogbogbbooobbooobbooobbooobboobbon
gbobooooboboboogoonbo

30000000000000000000 Max-Min Actor-Critic (MMAC)
OO000OMMACOODODOODODOODODODOOODOODO Actor0DO0O0ODO
OoOooooDoOo100 GritiecDODO0OO0OOO0D0ODODOOOMax-MinOOOQonoo
gobbodobobooobboodobbooobobuooobbuooobbao



gboogobobooobuogobboobbuooobbooobbuooobboo
OO00obO0b0o0obo0oobOoboooobobobbobobb0bMax-MinO0O0O
gbbogobbuodgobboobbobuooobbuooobooobboon
gobobobboboboobobbbbdooooooooooooobbbboobbDb
gboboobbuogobboobobooobbuogobboobooobboan
OOooooooooooMMACOODODODODODODODODODODODOD
gobooobooogoboobooobbooobbuooobbooonoboo
O Max-MinOOOOOOOOOOOOODOODOODODODODOODOODOODOOD
OooogoboobooobobobobodMax-MinOO0ooooooooo
gbobodgbbouoogbboobbuoobbogbbooobboobboo
good
gogb4000000ooood



20 Oobotdboodbototdood

NeuroEvolution

1. NeuroEvolution

00000000000000000000000000000000000
00 NeuroEvolution (NE)J OO OO0000000000000 [240NED
000000000000000000000000000000000000
0000000000000000000000000000000

00000000000000000000000000000000000
000000000 NEDOODOOOOOOOOOO0O0000O0O00000000
000000000000000000000000000000000000
000000000000000000000000000000000000
000000010000000001000000000000000000
000000000000000000000000000000000000
000000000000 (5. 0000000000000000000000
000000000000000000000000000 [5,7-12J00000
0000000000001)00000000000000000000000
0002)0000000000000000000000000000

0000000000000000000000000000000 ‘000
00 (Evolvability)y 00 0000D00000000000000000000O0
000000000000000000000000000000000000
00000000000000000 (2000)0000000000000 2
000000000000000000000000000000000000
0 [5]0



gobogobbodbboobobooboobbooobbuoobbood
gbbogobbodgobbobboodobbooobboobbabboon
gbbodgbboodbbuooobbuoobbooobbuoooooobood
0000 [13]0000000000000 [4)000000000000000
goobobooggobooogo

O000000Db0O0O0000bOooUobOb0O0obO NEDODDODO Cellular
Encoding with Automatic Definition of neural Subnetworks [15]00 ModularNEAT
[16]0 embedded Cartesian Genetic Programming [17, 18] 00 000000000
goguobubbbibdoouooouooobbbooooobobboouogaon
gbbodobbooodbbuodgbbuooboooboboobbooobboo
goboodbogobbooobboooboboogbboobbooobboo
gboboobodoboobobobuoboboboboboooNEDOODOODOD

2. 0goon

oo bbobobbobbbobobobbbbbbbobbbo
oo oobbobobuoobuoobuo
(evolvability) 0 0 O O Krishner 0 Gerhard 0000000000000 COOO
gbooobobobbboooooooboobobbboooobbbbbooooon
0000000000000 0 (WoooOoO0OOo0oDUODoooooOoOoooooOQ
O000()ODoooOoUUoOoooOoooU0UUoOoooOOooOOoOUoUOoDDODO
(conservation and deconstraint)0 (2) 0000000000000 0OOOCOOO
0000000000000 (compartmentation and modularity)d (3) OO0 O O
O000000000000000000D0000 (weak linkage)DOOOOOO
OO0OD0O0ORaffand SlyOD OO OOOOO0ODOOODOOOOOOODOOOODO
gugobooooooooooobbooobbooboobboooooooooon
00000000000000000 2000000000000000000
00000000000 00000000000 (territory) D0OO0O0OO0OOO
oot obbbobobo



gbooboooon

gbboogbobodbboobboodobboobbobboobbood
0000000000000000000 1000000000000 000
000000 (22 000000000000000000000O0O0O0O0O0O0
gbobooogoobobooan

1. 0000000000000000000000 100000000 [23, 24]0
2. 0000000000000O0ODODO0OO0OO0OOODOO (21, 250
3. 00000000000 Uoooooooooooooo 260

4 000000000000000000000000000000000
0ooo [27, 28)0

5. 0000000000000000000000000000000 [23,
25]0

6. 0000000000000 00O0DO0ODO0OOO0OODOOOOOOO (2210

O000000000000O000000 (22,290

NEOOOOOoOooooobooboobooboobuooboobooo
O0000DO0OD00OD00O00Schlessinger 00000000000 O0O0O0OOOO
gobbooboboogbboobbuobbuooobbuoooboboobboo
000 9000000000000 000gooooooooogoog
gobbooobboogbboobbooobbuoooboobboonbboo
0000000000000 00O000O00D0O00DO00DOO0DDOSchlessinger
gboboboobooboboobobuooboboboboobobobon
gbobbodobobodbbuoobbuoobbboobuoobobboobboo
00000000000000 Mosaic World 300 000000000000
ggoboboogobooooo

Reisinger 00000000 (3.1000)0000000000OO00O0OOOO
0000000000000 p|D000000000000ooO0ooooood



gobodbbogobboobooobbbooboboooboboboobboo
gbbogobbuodgobboobbobdooobbuooobboobboon
gbobodgbboodbbuooobbuoobboobboobboobbood
0000000001)0O00000oooooooo B1jooooooo2)ood
000000000 (3200000000000 ooooooooooood
gbobogbobooodbbobobooobbuooobbuooobooonoboo
001)00000000000000000000ooO0ooo0oOoOoDOO02)000
gogbobbbooodobbboooobobboooubbboooon

3. Uon

3.1 Jgoooogd

NEOODODOOOoOobobooboooobooboboobobbooboboooo
ggodoooooooooobobbobbbbbboobo10l1ogoooog
0000000000000 00000O0O000O000ODO0O0 333600000
002000000000000000000 NEAT [37]0 EANT [38]JEANT?
(3900 00000000000000000000O0O00D0OOOO0O00O0
goooobboooolbobboil1bobobbbuooooooboob200040a
gjododdooooooooddduUUUUuU U UuUuUuo U
goooooobobobbooooo

Floreano0 OO 0000000 ODO00O0OO0O0ODOOODDOOOOODOO (devel-
opmental encoding) 0 000000 00O (implicit encoding) 000000 [4]00
oo UUUUULUbLbLoLbobo
0000000000000 00D0OODOStanley and MiikkulainenO OO OO0 O
000000000000 000000000000000O0D0O00OO 4000
oo bbbboobbbbbbb
O0000000000000000000000 KitanoOOOODODOO [41]00
00O Cellular Encoding (CE)[42] 0000000 OO Edge Encoding (EE)[43]
goooon



00000o0ooo0o0ooooooodoooooooooooooon
0000000000000 0O0O00bO00ooO0obObO0oDOoboboOoDOoDbDoboOo
0000000000000 O0Noi0 00000000 DbOO00O00bOoDODn
0000000000000 000DO000O0DO00DO0DbOO00DOoDOOooOoDd
000 [7,44)0Noli00000020000000000000000000O0O
0000000000000 000D00O000DOoO0oDoo0oooooooog
O000000D0O0000oooooo0oo0ooooooooooooooog
O000000b000O0bO00bOO0bO0o0ooOoobOOoboobDOobOoooDOo
OO0DOO00O0O0DOoon

000000000000 DO0D000O00bO0DO0DO0oDO0o0oDOO0oDOoDOn
0000000000000 00O000O0O00DO00D0o0ooOooDoDOooO
O000000000DO00D0O00000oDo00bOooooooDooooon
O00000000000000Dooo0oooooooooooooooooond
000000000000 0bO00DO0bO00DO00oDO0bOO0O0oDbOoOoDOoDOO
000000000000000000000000000000000 (Gene
Regulatory Networks: GRN) OO OO OO MattiussiD O OO OO0OO0OOOOOO
0000 GRNOOOOODO Analog Genetic Encoding (AGE) D00 O0O000O0O
(11,45, 46|0AGE0DOODOO0DOOOOOOOOOODODOOOOOOOOOOOO
g00000O0obO000O0bO00ooO0obOo0ooO0ooOoOooDOooObDOoOoDOobDOoO
000000000 0Db000O000O0bO0O00DO000O0DbOOO0DOO0O0 DT
O0AGEDODOOOOOODOODOODODODO0ODO0ODOODODODO0OO
000000000000 [10)0Reisinger and Miikkulainen 000000000
0000000000000 000o0ooooooooooDoooooOooog
O0000000000000000000000 [5]0 Eggenberger 0 GRN O O
0000000000000 0000000DO 4rD0o0oobOoO0oooooo
000 480000GRNODDODODDOOD0UOODOO0DOOOOoUDooooOg
O00000000000000 495600 0000000000000000
000000000000 00000000O00000D0DoDOooDo0oDOoon

0000000000000 000oo0oDooooooooooooooon

10



Direct (CNE, NEAT, EANT, and EANT?2)

Grammatical - (KGE, CE, and EE)
NE Developmental {
Cell Chemistry ........ (NGN) ........... ( DRBN, BGRN,
Indirect TPt s (AGE, and RIE) = EGAM, and JGRN

Explicit Generative - (MNE, ECGP, and Proposed Method)

021 NEOOOOOOOODDODOOOOOOO0ODOOOODOOOOODO CNE: Conven-
tional NeuroEvolution[33-36], NEAT[37), EANT[38] D EANT2[39], KGE: Kitano’s
Grammatical Encoding[41], CE: Cellular Encoding[42], EE: Edge Encoding[43],
NGN: Nolfi’s Growing Network[7, 44], AGE: Analog Genetic Encoding [10, 46],
RIE: Reisinger’s Implicit Encoding[5], DRBN: Dellaert’s Random Boolean Net-
work model [49, 50], BGRN: Bongard’s GRN model[51-53], EGAM: Eggen-
berger’s Growing Axon Model [47]0 JGRN: Jin’s GRN model[54-56], MNE:
ModularNEAT[16], ECGP: embedded Cartesian Genetic Programming[17, 18],
Proposed Method: OO0 O0OOOOOO

O00Reisinger 000000 ModularNEATOD OO OODOUODOODOODO GRN
00000ooooooooobooooboooobbobbbbbbbbbooo
oo uooooooooaa
00000000 1600000000000 0000000O0DOO0O0o0OQ
ggodooooououoouoddooduuouo1oobbboobobbooooo
U0ddb0bOOHemmbyOODDODODOOUOOOOOoOoOOODODDODOOOOOOoOO
O000000000000000 (explicit generative representation) 00 0 O O
0B7000000000000000000000000ONEOOOOOO
00000000 Walker and Miller 0 0 O O O Genetic Programming (GP) O
00000 embedded Cartesian Genetic Programming (ECGP)[17, 18] 0 0 0O
goodd

11
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Algorithm 5.1: ADDWEIGHTMUTATION(sn, weights)

in < RANDINT(sn.I + sn.O + sn.H)
out < sn.I + RANDINT(sn.O + sn.H)
w <« 0.0

C' « new connection (w;in — out)
Add A Pointer Of C' To sn.connections
Add A Pointer Of w To weights

Algorithm 5.2: ADDNEURONMUTATION(sn, weights)

in < RANDINT(sn.I + sn.O + sn.H)
out < sn.I + RANDINT(sn.O + sn.H)

h «— sn.I+ sn.O + sn.H

sn.H «—sn.H +1

wl «— 0.0

C'1 < new connection (wl;in — h)

w2 « 0.0

C2 «— new connection (w2;h — out)
Add A Pointer Of C'1 To sn.connections
Add A Pointer Of C2 To sn.connections
Add A Pointer Of w1l To weights

Add A Pointer Of w2 To weights
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Algorithm 5.3: ADDSNMUTATION(sn)

ne «— S1ZEOF (sn.connections)

if nc >3

then

(1 RANDINT(nc)
¢2 < RANDINT(nc — 1)
if c1 <¢2

then {02 —c2+1
C1 « sn.connections|cl]
C2 — sn.connections|c2]
inputs «— UNIQUE(Cl.inputs, C2.inputs)
outputs <+ UNIQUE(C'l.outputs, C2.outputs)
NewSN «+ new subnetwork
NewSN.I «— S1zEOF (inputs)
NewSN.O «— S1ZEOF (outputs)
NewSN.H «— 0
NewSN Inputsl <« CONVERTINDEX(C'1.inputs)
NewSNOutputsl «— CONVERTINDEX(C'1.outputs)
NewC'l «+— new connection

(Cl.pointer; NewSN Inputsl — NewSNQutputsl)
NewSN Inputs2 < CONVERTINDEX(C2.inputs)
NewSNOutputs2 «— CONVERTINDEX(C2.outputs)
New(C?2 + new connection

(C2.pointer; NewSN Inputs2 — NewSNOutputs2)
Add A Pointer Of C'1 To NewSN.connections
Add A Pointer Of C2 To NewSN.connections
NewC3 « new connection(NewSN;inputs — outputs)
Add A Pointer Of NewC3 To sn.connections
Delete C'1 From sn.connections

Delete C2 From sn.connections
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Algorithm 5.4: DELETECONNECTIONMUTATION(sn)

ne «— S1ZEOF (sn.connections)
if nc>1
¢ < RANDINT(nc)
then ¢ C' «— sn.connections|c]

Delete C' From sn.connections

Algorithm 5.5: ADDCONNECTIONMUTATION(sn1, Sn2)

nin «— sno. 1
nout < sn9.0O

for 7 < 0 to nin

d in < RANDINT(sni.I 4+ sny.0 + sny.H)
o
Add in To inputs

for j «— 0 to nout

d out < sny.I + RANDINT(sn;.0 + sn;.H)
o
Add out To outputs

C' «— new connection (sng;inputs — outputs)

Add A Pointer Of C' To sn;.connections
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Algorithm 5.6: REPLACECONNECTIONMUTATION(Sn1, $13)

ne «— S1ZEOF(sny.connections)
ci «+— RANDINT(nc)
C' « sny.connections|ci|
puts «— Clanputs
outputs «— Cl.outputs
ncin «— SIZEOF (inputs)
ncout «— SIZEOF (outputs)
sn2in < snq.l
sn2out < sny.0
if ncin = sn2in and ncout = sn2out
Cnew < new connection (sng;inputs — outputs)
then < Add A Pointer Of Cnew To sn;.connections

Delete C From sn;.connections

5.2 00000 (CMA-ES)
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00000000000000 w? = (w,...,w,) ' 0000000 w?™ k=
1,....20
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Summed Reward Actor-Critic(SRAC)
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Greatest Mass Sarsa(GMSarsa)
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