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min f(x)

st. g;(x)<0,i=1,..,m,
hl(x) — O;j — 1; ---;p;

var. X € D.
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min f(x) min f;(x)
st. gi(x)<0,i=1,..,m, min f,(x)
hi(.X') = 0,_] = 1, vy D, :
var. x € D. min fy;(x)
st. ¢g;(x)<0,i=1,..,m,
hi(X) = O,] = 1, ey P,
var. X € D.
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R. Shen, et al., “Generating Behavior-Diverse Game Als with Evolutionary
Multi-Objective Deep Reinforcement Learning,” IJCAI 2020.
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Objective space Variable space
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Minimize f, A A7
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ERERERE (BME) XM
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comfort f,(x)

¥ € X SN BT R AT T L R B AR
R ETE

v

cost f;(x)
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% Hc (Dominate) :

AL HCf#EB (A dominates B) “ARIBZ [R] TCHK 1A
& fEBHIFRASIEE (B is dominated by A)
o BARITE B i RBBUEESAE T8, HBEARKZD—AH i REBEUE T #B

&3t 100 13 120 1% 500
£1E 100 &3& 100 £F1E 500
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Y HZ (Dominate) :

fEASZBCA#EB (A dominates B)

& BEBBARASZAC (B is dominated by A)

< BAR A B BB BEHRASZ T8, Hi#
AR > —A B F5 R BUE L T# B

comfort f,(x)

v

cost f;(x)
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EXHES:
NF—NMNESP, ENIEXEESEZPHTE. BEE NN
EE5PHILERTACHIRE .
A 6

= 4 £E5P={1,2,3,4,5,6}

<< - EMAERRAER = {1, 2,4,6)

S 3

le °
cost f;(x) #
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o R R
AT AESCIRSR & B & XONTH RFEm LSS (Pareto-optimal set)

A

1~75RAME T %R B RERNE S

Fr B 1A R FEH AR AR XT ML B B R $AE BY A4
B 2R ETH (Pareto-optimal front)

comfort f,(x)

cost f;(x)
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A

comfort f,(x)

cost f;(x)

HE—N % B, RIFTERIETHRITERMME, Wi1~75#
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JBUR AN

IR AT (weighted sum method )

% Binthit
min f;(x)
min 5 (x) min Y50 -1 Wy fin (%)
: | S.t. gi(X) < O,l — 1, e, M,
min fp;(x) | hi(x) =0,j=1,..,p,
st. gix)<0,i=1,..,m, var. x € D.
hiix) =0,j=1,..,p,
var. X € D.
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Variable space

JBUR AR

T RFMIEN:
(1) FRrBER[ATMEXT B B Ar R EBUE B X2 Mm% (convex set)
(2) Fr BTN BLE B Ar R EE R X2 JEN S (non-convex set)
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B—: BrE a7 B R B b RBUE K X332 48 (convex set)

A
L7 .
N Feasible
) objective

space

Pareto-

optimal

/ front
P
2 >
J1

AL S ) B AR R wyf +w,f,
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B—: BrE a7 B R B b RBUE K X332 48 (convex set)

A
2N S .
N Feasible
Mw.=2W, =1 ) objective
space
Pareto-
2 optimal
/ front
P
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1
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AL S ) B AR R wyf +w,f,
B E (wy, wo) 5, B INBCR AR B B SRR B (Fy, )AL BEAEMRIL? B “SELR”
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Yo
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1
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AL SR B AR R w,ftw,f,
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1, 4 @i :%(wl,wz)ﬁf PAZE 3R
. Feasible %j@ﬁﬁY&L%ﬁH‘J =P VA
) objective AT
space
Pareto-

optimal
/ front

7

/i

AL SR B AR R w,ftw,f,
B E (wy, wo) 5, B INBCR AR B B SRR B (Fy, )AL BEAEMRIL? B “SELR”




JBUR AN

B —: FrE AT fEx MR B s RBUE K X2 JEMM4E (non-convex set)

Feasible
objective
space

Pareto-
optimal
front

Ji
TR AT B B w, Mw,, PRI R FER ML 2




JBUR AN

B —: FrE AT fEx MR B s RBUE K X2 JEMM4E (non-convex set)

P
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Feasible
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space
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optimal
front

>

/i

TR AT B B w, Mw,, PRI R FER ML 2
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cost f;(x) cost f;(x)
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e 46 SR AL A 1Y) B A BR BB TR SR i R IR L AT ?
BEMIGE:

(1) XEVRE (Dominance depth)

(2) X HEIXF (Dominance rank)

(3) ¥ H (Dominance count)

Objective space Variable space
X3

~

Minimize f,

Minimize f,




FIFXHECIEE (Dominance depth) XtHEHATHEF

‘ O
O
o O
! O
gl o ©
=
E © ®
- O
O
O
Minimize f,
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Minimize f,

- Front—|

Minimize f .
I Minimize fl

F—: RAERFERNE B P EIXEESRIE Nfront-1

CH—HIEX MK HBE, &
FEFR R PRI RITH AL




Minimize f,

Front-3

Minimize f,

=0 ERXEEIRTN
front-23F BB, BAERRED
HiH RFLR M

Minimize f,

R 3

N g
T | R 71 Front—4

,,,,,,,,

Front=3

- ~~ Front-2

________________________

- Front-1
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Minimize f,
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Minimize f,
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by

Algorithm  Crowding distance (F)
L = | F
2: foreachi € F,setd;, =0
3: for each objective i do
4 F = sort(F.m)
5 dy = = =80

6: fori =2to(r—1) do

2

8

9

d; =d; + [fm (1) = fm (i—1)]|

fl’?’ll ar __ j‘lr# n
end for

- end for

N & B H Deepak Sharma (IIT Guwahati) $&#2 Evolutionary Computation for Single and Multi-Objective Optimization
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ARG AE, RERARARFEIRFEE, BRERE

by

fe
Algorithm  Crowding distance (F) .( _________________ M .
L we= lF
N foset d; =0 AT LI RIS H T 5d, e g
3: for each-objective m do " . i | o
4: F = sort(F, m) e i1
5 d=d.-=00 /T T . -------------- .. v
6 fori=2to (r—1)do P i
: SR, lfm(l'+]-)_fm(l._]-)| i E
7. (11 = ([1 + f,rvrllu.r_f,r#in i E 5 >
8 end for AT
9: end for




BHRke —: SN

ARG AE, RERARARFEIRFEE, BRERE

by

f2
Algorithm  Crowding distance (F) O M. .
- |
2: foreachi € F . setd;, =0 _ R . L
3: for_each objective m do FHEPHERA BArE g : L Afz

B, WdASHBF ..

4: F =sort(F.m) : | o P41

5: d=d.-=00 /T -i ---------- -T ------------- .y ’

6: for ,:2to (,_1) do E i ................. § Y.
m(t+1)—fm(i—1 . '

¥ (1,- = (1,~ =+ = (f,;:<“2—jf,’,§‘€" ! A >

8: end for A T

9: end for
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ARG AE, RERARARFEIRFEE, BRERE

f
Algorithm  Crowding distance (F) .< _________________ Mo i
L =7 .
2: foreach i € F,set d; =0 By — B i |
3: for each objective 1 do I” H PRE i P P A2
2, ' ‘. :
4: F = sort(F.m) #, Md/EEMED T 41 |
5 dy = d, = o0 [ e . ---------------- .. ;
6 fori =2to (r - 4do—rvu—_.. i 0 S—
¥ (1,‘ = ([i - ,
8 end for ommegge 1
9: end for ,
di | d;
di = +
Afl AfZ
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ARG AE, RERARARFEIRFEE, BRERE

by

f
Algorithm  Crowding distance (F) Kid B e Moo ?

L = | F !
2: foreachi € F,setd; =0 1.1_1 .
3: for each objective m do p ‘ i | o
4 F = sort(F.m) L e '
5 d=d.-=00 /T J """"" . -------------- - :
6 fori =2to(r—1) do ------------- —
7 d; = d; + L= (le):jf(l_l)l ¥d B —,
8 end for ’d1“ g
9: end for ,

di  d;

di — +
Afl AfZ
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NSGA-II: Elitist Non-Dominated Sorting Genetic Algorithm

A fast and elitist multiobjective genetic algorithm: NSGA-II
K Deb, A Pratap, S Agarwal... - IEEE transactions on ..., 2002 - ieeexplore.ieee.org

... 2) Lack of elitism: Recent results [25], [18] show that elitism can speed up the performance of
the GA significantly, which also can help preventing the loss of good solutions once they are
found ... Page 4. DEB et al.. AFAST AND ELITIST MULTIOBJECTIVE GA: NSGA-II ...

Y% Y9 Cited by 35504 Related articles All 42 versions

A fast elitist non-dominated sorting genetic algorithm for multi-objective
optimization: NSGA-II

K Deb, S Agrawal, A Pratap, T Meyarivan - International conference on ..., 2000 - Springer

... Lack of elitism: Recent results [10,7] show clearly that elitism can speed up the per ... except that

a better book- keeping strategy is performed to make it a faster algorithm ... With the properties of
a fast non-dominated sorting procedure, an elitist strategy, and a parameterless approach ...

Y¢ Y9 Cited by 5097 Related articles All 22 versions

(1) BEIEXTNSGANEE T2 H 1Y
(2) ETBREREE
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NSGA-II: Elitist Non-Domin Sorting Genetic Algorithm

A fast and elitist multiobjective genetic algorithm: NSGA-II
K Deb, A Pratap, S Agarwal... - IEEE transactions on ..., 2002 - ieeexplore.ieee.org

... 2) Lack of elitism: Recent results [25], [18] show that elitism can speed up the performance of
the GA significantly, which also can help preventing the loss of good solutions once they are
found ... Page 4. DEB et al.. AFAST AND ELITIST MULTIOBJECTIVE GA: NSGA-II ...

Y% Y9 Cited by 35504 Related articles All 42 versions

A fast elitist non-dominated sorting genetic algorithm for multi-objective
optimization: NSGA-II

K Deb, S Agrawal, A Pratap, T Meyarivan - International conference on ..., 2000 - Springer

... Lack of elitism: Recent results [10,7] show clearly that elitism can speed up the per ... except that

a better book- keeping strategy is performed to make it a faster algorithm ... With the properties of
a fast non-dominated sorting procedure, an elitist strategy, and a parameterless approach ...

Y¢ Y9 Cited by 5097 Related articles All 22 versions
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[B] Bt % 2 B A Ak st A Ik

U RPS

0 BIaaAL L BFPEEP ()

U PEAl G RTAPREP (6)

2 for t=1 to oo:

3 IRIELETFIREP (D). BESAFIREPR ()

FRAEAARFNHEP (t) , 185 2 P A8 A Bl - PP HEPC (2)

Xf - ARBRAEPe (6) BEAT 2 H 58728

PGB REPC ()

AR 24 BT AHEP (O F1BIFEEPC (€) 00k H T Y 24 AT ARREP (€ + 1)
PRI AT, AT A T 5 AR SR

oo J &N Ul B~
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X% BHinthiil, JTEBUHPE

0 BIaAL L B FPEEP (¢)
U PEAL Y RTAPREP (6)
2 for t=1 to oo:

3 ARIEUETFIREP (), BESCAFIREP, ()
FRAEAARFNHEP (t) , 185 2 P A8 A Bl - PP HEPC (2)
Xt - AR P (6) BEAT PR R AR

PR ABREPC (6)
AR 24 BT AHEP (O F1BIFEEPC (€) 00k H T Y 24 AT ARREP (€ + 1)
PRI AT, AT A T 5 AR SR

o JjO Jur B~

(1) NFMEPERE (2) X7
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XT AR 48 H B 5 B8 U Pareto- XT T EAR B
optimal frontiZ it HE 7
L 3
T —3 y |
; e
3 | &1 0
I i | NFon-4 ) © °© 5
2 | 3 - Q}._ _______
= frioii = A T
k= Front-3 §  ® g
= Lo ) -
________________________ Front-2 hyercuboid Q@ — Front—F
Front-1_ _ solutions
Minimize f, Minimize f,

MR X P 775 T BRI I8 58 BROK g B 7 i




Bl

Bi-Objective Optimization
Minimize f1(z) = 21,
Minimize fo(z) =1+ 29 — 27,
bounds 0<x; <1and 0 <2y <3.

8]

\\\
05

Nonconvex Pareto—optimal front

1

1

1

0 1
0 0.2

0.4

0.6

0.8

IBCR A TR
o ] F i R FE B A A

N & B H Deepak Sharma (IIT Guwahati) $&#2 Evolutionary Computation for Single and Multi-Objective Optimization
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@ Let the population size is N = 8. R RWIEE

Initial population (P)

Index X9

1 0.913 2.181
0.599 2.450
0.139 1.157
0.867 1.505
0.885 1.239
0.658 2.040
0.788 2.166
0.342 0.756

0 1 O D




Bl

WEBRES B RSN R B bR EE

@ For each solution, calculate f; and f>.

o Let us consider solution 1, ") = (0.913.2.181)" and fi(2) = ; = 0.913 and
fo(x) =14 29 — :z:f = 2.348. Similarly, we can calculate both objectives for other
solutions.

Solutions with their functien—values
Index @ 9 Q)‘l f)
| 0.913 2.181 0.913 2.348

0.599 2.450 0.599 3.092
0.139 1.157 0.139 2.138
0.867 1.505 0.867 1.753
0.885 1.239 0.885 1.455
0.658 2.040 0.658 2.607
0.788 2.166 0.788 2.545
0.342 0.756 0.342 1.639

—_ W o

o J O Ot




Bl

THE R ESE . RIEXECIRE (Dominance depth) Xt ATHEF

Solutions with their function values 3 | | 2 -0
Index 2 i) fi fo 3t § = .
I 0913 2181 0913 2348  w 25f 3 " = b
2 0599 2.450 0.599 3.092 IS 5 L |
g 8 4
3 0.139 1.157 0.139 2.138 = iz | -
4 0.867 1.505 0.867 1.753 =
5 0885 1.239 0.885 1.455 1 |
6  0.658 2.040 0.658 2.607 0.5 .
7 0.788 2.166 0.788 2.545 0 0‘2 0‘4 016 0]8 S
8 0342 0.756 0.342 1.639 ' ' ' '

Minimize f,
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Minimize f,
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Bl

F. BT XAEIRE (Dominance depth) XTEBITHER
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LR ESR P

Minimize f,

BIEXEIREE (Dominance depth) X fEHATHEF

T 2 T

- i

6 -

o 1

: o —

3 0 | Front-3
8 4 7
= S Front—2

8.7 Front—1

0.2 0.4 0.6

Minimize f,
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WERRERE =2 SCESR . B irnSRgs SRS

Algorithm  Crowding distance (F) Je B b AEfront-1)3. 8\ 5B
I w= |F|
2: foreach i€ F,setd; =0 @ Let us consider| f| objective.
3: for each objective 1 do ) . .
4 F = sort(F, m) @ f1 values of these solutions are 0.139,
5 dy =d, = 00 0.885, 0.342, respectively.
6 fori =2to(r—1) do :
- 0 — d, 4 Unl=D—fnli=1) @ Sort these solutions based on f; value.
- f,l,lll aX __ f,l,l)l mn . .
8 end for @ The sorted solutions are 3.8.5. It means
9: end for that solutions ‘3" and ‘5" are extreme
3.5 — 3 T -
2 solutions.
b o -
sasl a L1 @ Assign d3 = d5 = 00.
3 = n o Front-3 o ) .,
Z 2t 8 4 - , @ The remaining solution is ‘8". The
= . o Front-2 . ) )
S 15f 23 Front-I crowding distance is
| | _ 1/1(5)=f1(3)] _
d8 — d8 + fmax_fmin -
i | 0.885—0.139
0 | | | ds =0+ §sg5-0:130 — 1V
0 0.2 0.4 0.6 0.8 1
Minimize f,
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WERRERE =2 SCESR . B irnSRgs SRS

Algorithm  Crowding distance (F) e B hbfEfront-1[3 8+ 5E-f#
I w= |F|
2: foreachi e F,setd;, =0
3: for each objective 1 do

@ Let us consider| f5> objective.

4 F = sort(F.m) @ f5 values of these solutions are 2.138,
50 di=d, =00 1.455, 1.639, respectively.
6 fori=2to(r—1)do _
7. 4 = d, 4+ UmGtD = (=) @ Sort these solutions based on f5 value.
. 2 2 f,ryill ar __ f;)l]l n
8 end for @ The sorted solutions are 5.8. 3. It means
9: end for that solutions ‘3" and ‘5’ are extreme
3.5 ' T T .
. 2 solutions.
3 6 7 -
< a5 b o L] Q ign d3 = ds = 00
é > r: ) o Front-3 Ass gn as 2 S
E 27 8 4 lrones @ The remaining solution is ‘8. The
£ I o | . . :
s 19 =2 Front-| crowding distance is
I | _ |f2(3)—f2(5)] _
d8 — d8 ~t mazx _ fmin
0 | f22138 {2455
0 1 I 1 d8:1.0+ "_. ':2.0
0 0.2 0.4 0.6 0.8 1 2.138—1.455
Minimize f,
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Algorithm  Crowding distance (F) HEMALEfront-2[12. 61 7+ 42
I o= [
2: foreach i € I, set d; =0 @ Let us consider f| objective.

3t fioF edch ob)ccniErmada @ f| values of these solutions are .599,

4: F = sort(F.m) = o e :
5. iy = i = 5 0.867, 0.658, 0.788, respectively.

. _— r —
6: fori=2to(r—1)do @ Sort these solutions based on f; value.
T d; = d; 4+ mFD—fm (1)) : 5 B

‘ 4 ; : I @ The sorted solutions are 2.6.7.4. It
8: end for . P Cp

means that solutions 2" and ‘4" are

9: end for :

15 ‘ extreme solutions.

Do T 2 T .

N ﬁ'"(i _ @ Assign dy = dy = .

) T .. : )
<253 e 1 Front—3 @ For the remaining solutions, the crowding
N i ’ . . |f1(7)—f1(2)|
= 2 B - — > et R SR 57 kM B —

g : 4U __________ Fronl—2 dlStance ls (1() (1() + f{llﬂI_f{yllH
S 15f 55 Froni-1 o 0.788—0.599 __ -
= | | ds =0+ G567—0599 — 0-705
4)—f1(6
05 | o d7 = dy + LG 1ON

. ‘ 0 z{(lﬂ 0—({'18

O 1 | 1 p— . —U.09 p—

0 0.2 0.4 0.6 0.8 I d7 =0+ 5:567—0.509 — 0-780
Minimize f,
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Algorithm  Crowding distance (F) HEMALEfront-2[12. 61 7+ 42
I w= |F|
2: :0r eachhi Gb.F. set d; : 0 @ Let us consider| f> objective.
3: for each objective mn do . : 2
- P @ [ values of these solutions are 3.092,
4 F = sort(F.m) _ _
5 iy = s = 10 1.753, 2.607, 2.545, respectively.
6 fori=2to (r—1)do @ Sort these solutions based on f» value.
7: (1‘ — ([A + |j‘171(i+1)—f'771(i_1)| .
8. d ; ' fer = @ The sorted solutions are 4.7,6.2. It
end for ; 659 i
o ond means that solutions 2" and ‘4" are
en or 4
extreme solutions.

3.5 T 2 T

sl ﬁ~--(-) i @ Assign dy = d; = 0.

) T - ; .
<253 e 1 Front—3 @ For the remaining solutions, the crowding
2 2 ° 8 4 . distance is dg = dg + If“,zn(jg_fi(l;z’l =
2 5 Er‘"s' """ Front-2 . rfr? _fg
= 2 #~7| Front-1 de = 0.705 + iggg:féé; = 1113

I | ,

6)—f2(4)]
= |.f2( _

%0 0.2 04 06 08 1 d7 =070+ 5 oop—1.783 = 1-418

Minimize f,
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Algorithm  Crowding distance (F)
I o= [
2: foreachi e I, setd;, =0
3: for each objective 1 do

4: F = sort(F.m)
5 dy =d, =00 5 J5 B A frfront-3 [ 1-5-fi#
6: for i = 2 to (,._1) do
¥ (11' e (]j —+ Ifm (i’_'{'hcll;l)rij"::,(iﬁ,_l)l . i
8: end for o d 1E}ﬁ“l&j‘] i
9: end for
35 — 2 |
L . ]
: 2 7
E ll ; - o Front=3
E il j 4U """"" - Front=2
S— = 53 Front-1
|
0.5 ‘
0 : | | |
0 0.2 0.4 0.6 0.8 |
Minimize f,
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3-5 T T

0 -b

3r 6 7 ]
2.5 3 N 2

T

o Front=3

2 r 8 4 -
[ Front-2
1.5

- Front—1
|

0.5

0 | 1 |
0 0.2 0.4 0.6 0.8 1

. Minimize f
LRI ‘

\ Solutions with their rank and crowding distance (CD)

Solution Rank CD | Solution Rank CD | Solution Rank CD | Solution Rank CD
1 3 00 2 2 00 3 | 00 4 2 00
5 1 00 6 2 1.113 7 2 1.418 8 1 2

T
(m]
()

Minimize f,

i EALEN
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Solutions with their rank and crowding distance (CD)
Solution Rank CD | Solution Rank CD | Solution Rank CD | Solution Rank CD
1 3 00 2 2 00 3 Il 00 4 2 00
5] 1 00 6 2 1.113 7 2 1.418 8 1 2

KA EEEE (binary tournament selection) : 8j3E4¥E Ik 2=

@ Let us perform the first tournament by selecting two solutions randomly.
@ Let randomly selected pairs for binary tournament are {4.2}, {8.3}, {5.1}, {6.7}.

@ Solutions {4.2} are of the same rank and also have the same crowding distance value.
Choose any one randomly. We select solution 4.

@ Solutions {8.3} are of the same rank but solution 3 is having more crowding distance
value than 8. Therefore, solution 3 is selected.

@ Between solutions {5, 1}, solution 5 has better rank and therefore, it is selected.

@ Solutions {6, 7} are of the same rank but solution 7 is having more crowding distance
value than 6. Therefore, solution 7 is selected.
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Solutions with their rank and crowding distance (CD)

Solution Rank CD | Solution Rank CD | Solution Rank CD | Solution Rank CD

1 3 00 2 2 00 3 | 00 4 2 00
5) 1 00 6 2 1.113 7 2 1.418 3 1 2

9

9
9
Q
Q
Q

KA wmr R EFEYE (binary tournament selection) :

Let us perform the second tournament by selecting two solutions randomly.

Let randomly selected pairs for binary tournament are {5,7}, {6, 1}, {8,2}, {4,3}.
Between solutions {5, 7}, solution 5 has better rank and therefore, it is selected.
Between solutions {6, 1}, solution 6 has better rank and therefore, it is selected.

Between solutions {8, 2}, solution 8 has better rank and therefore, it is selected.

Between solutions {4, 3}, solution 3 has better rank and therefore, it is selected.
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Solutions with their rank and crowding distance (CD)

Solution Rank CD | Solution Rank CD | Solution Rank CD | Solution Rank CD
1 3 00 2 2 00 3 | 00 4 2 00
5 1 00 6 2 1.113 7 2 1.418 8 1 2

Mating Pool
Old index New index  a 9 f1 fo
4 1 0.867 1.505 0.867 1.753
5 2 0.139 1.157 0.139 2.138
5) 3 0.885 1.239 0.885 1.455
7 4 0.788 2.166 0.788 2.545
D 5) 0.885 1.239 0.885 1.455
§ 6 0.658 2.040 0.658 2.607
8 7 0.342 0.756 0.342 1.639
3 8 0139 1.157¢ 0.139 2.138
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U PEAl G RTAPREP (6)

2 for t=1 to oo:

3 IRIELETFIREP (D). BESAFIREPR ()

FRAEAARFNHEP (t) , 185 2 P A8 A Bl - PP HEPC (2)

Xf - ARBRAEPe (6) BEAT 2 H 58728

PGB REPC ()
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( 2—1)1)

0] = 3
+ 58(p2 — Pl)

I
E~>|
Nl)—lmlr—-

09

BB SRS AL Bt A% HIE I E R RE X

where, 7 = %(pl + p2) and p2 > py.

[§9)

@ Probability distribution function:

| 0.5(n. +1)3%", if3 <1

4
5(ne —1—1)# otherwise.

~q

Cﬂ CII

Distribution
T
|

@ 7). is the SBX crossover operator
distribution factor that is set by us.

,’/ | %,
0 / | i o !
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Mating Pool Solutions after crossover
Old index New index To fi fo Index €T J1 Jo
4 1 0.867 1.505 0.867 1.753 1 0.620 2.434 0.620 3.050
3 2 0.139 1.157 0.139 2.138 2 0.118 1.173 0.118 2.159
5 3 0.885 1.239 0.885 1.455 3 0.885 2.116 0.885 2.332
7 4 0.788 2.166 0.788 2.545 4 0913 1.304 0.913 1.471
5 5 0.885 1.239 0.885 1.455 5) 0.885 1.239 0.885 1.455
6 6 0.658 2.040 0.658 2.607 6 0.788 2.166 0.788 2.545
8 7 0.342 0.756 0.342 1.639 7 0.342 0.756 0.342 1.639
3 8 0.139 1.157 0.139 2.138 8 0.139 1.157 0.139 2.138




Bl

BB SERS g A B A% I I 2 R R AR

@ Simple and popular method is to use a zero-mean
Gaussian probability distribution:

yfl.t) _ xl(;.t) + N(0.0;)

@ 0; is a fixed user defined parameter. It must be set
correctly in a problem.

@ Special care must be taken to respect boundary
limits on decision variables.

Probability density
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Solutions after crossover Offspring population
Index o Ty fi fo Index Xy fi J2
1 0.620 2.434 0.620 3.050 1 0.620 2.434 0.620 3.050
9 0.118 1.173 0.118 2.159 2 0.165 0.406 0.165 1.379
3 0.885 2.116 0.885 2.332 3 0.885 2.079 0.885 2.295
4 0913 1304 0913 1.471 4 0.985 2.350 0.985 2.380
5 0.885 1239 0885 1.455 o 0826 0.908 0.826 1.226
6 0.788 2.166 0.788 2.545 6 0.788 2.166 0.788 2.545
70342 0.756 0.342 1.639 70343 0756 0.343  1.639
8 0139 1.157 0.139 2.138 8 0121 0.961 0.121 1.946
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a Parent population ® Offspring population
[ ll)2 !
3+ r 1
Ol P1.006
R n 2 _
) 2.5 P3 P6 Elljl o
S : $3 o4
= 21 O8e 7
k= P8, O7 P4 @
= 15t | DPS |
= 02°® o
1 05 4
0.5 f \
0 | I | |
0 0.2 0.4 0.6 0.8 1
Minimize f,
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15 o Parent population ® Offspring population
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Fig. 12. Obtained nondominated solutions with NSGA-II on problem ZDT4.
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R. Shen, et al., “Generating Behavior-Diverse Game Als with Evolutionary
Multi-Objective Deep Reinforcement Learning,” IJCAI 2020.
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