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Multi-Armed Bandit-based Cooperative Co—Evolutionary Algorithm
for Large—Scale Global Optimization of Non-Linear Functions
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Abstract

In the cooperative co-evolution(CC) algorithm to search the approximate global optimal solutions of non-linear
functions, it is most effective to find the sub-problems with the most significant influence to improve the fitness of
objective functions and optimize them intensively to enhance optimization performance. Simultaneously, it is necessary
to search various sub-problems to maintain the diversity of solution search and prevent premature convergence
problems. Therefore, we propose an MAB-based CC algorithm, i.e., MABCC, to select a significant sub-problem and
search for an approximate global optimal solution effectively. We found that our proposed method achieved better
solution searchability from the experiments with practical 1000 dimensional large-scale non-linear benchmark functions
than the existing CC ones.
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A28 A (Problem decomposition step)’9} 2} F-&E
o

Aol thgh FE HAs o] gAE st AA)
HAN S WAs= “H X3 A (Optimization step)”
2 FAdE.

¥ 1. CC Algorithmel 2JAlZE

Table 1. Pseudo—code of CC algorithm

Algorithm CC

Input: An Object Function £, Parameter &.

Analyze all interdependencies among all decision
variables in a decision variable set of f(;).
Find V;,..., Vi such that V;N...n V=@ and
VU UVe=V.

1.

Initialize the population P= P, ..., Py, which is
3. related to the subproblems V;, ..., V4, and an
global optimum = randomly.
4. dof
5. for (i <1, i < K, i < i+1)
6. L —t+1;
An evolutionary algorithm evolves 2 and
7. computes the number of fitness evaluations
FEI].
8. P— P, ®..0F;
9. [ Frirrent» 7)< F(P);
10. 2 Hj s
1

.}
12. }while(fFE[/] <¥);

=1

(f);

Retun z" <z
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f(f) - 4X1x2X3 + X,{x:f + \/x6X7

Xy X2 X3 X3 X5 Xg X7

157 | 241 | 308|193 | 304 ] 352 |3.16
414 | 064 | 149|250 | 1.21 | 351 (221
P 1411422791101 ]229] 170|240
396|209 |319]370]|063] 353|102
333|142 |269)451]328]1.10 262

/ 1\

X3 Xo X3 X3  Xe Xo X7
157)1241)3.08 193 | 3.04 352 | 316
4141064 |149 250 | 1.21 351|221
141]1142]|279 1.01 | 229 1.70 | 240
396]209]|3.19 370 | 0.63 353|102
333|142]269 451|328 1.10 | 262
P, P, P

3 1. S8 #el 282Xt 25 Hekel of

(il

Fig. 1. Examples of sub—problems of an objective function
and its sub—-populations
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Table 3. Pseudo-code of proposed MABCC algorithm

Algorithm MABCC

© N o ok

10.
1.
12.

13.
14.

15.

16.
17.
18.

19.

20.
21.

22,

Retum z° <z

Input: An Object Function £, Parameter &

MAB_NAME, o, €, 7, t.

Analyze all interdependencies among all decision

variables in a decision variable set of

Find Vi, ..., Vc such that V;N...N V=@ and

VU UVe= T,

Initialize the population P= A, ..., Py,
related to subproblems Vi, ..., Vg, an
optimum P randomly;

is_explorer <— true; i <« 0;

dof

if (MAB_NAME = “Epsilon-First” AND
is_explorer = true) {

1<—1+1,
if (( = K) is_explorer < false;

lelse if (MAB_NAME = “Epsilon-First” AND
is_explorer = true) {

i—i+1

if (( = MAX_TRIAL) is_explorer < false;

lelsef
i «MAB(B, ... Py, SpeeonSie,
MAB_NAME, «,
t— t+1;
An evolutionary algorithm  evolves

computes the number of fitness evaluations

FE[i];

P< P, ®..0P;
[fcm’rem"j] (_f(P)’
() . .

xt HH]? : ]v

fpreviuzts _fcurrent .
Zprevious - curvent
+z

i fprevious
fpreviaus — fa'm'rent ;
n, «— n; +1;
) K

while( Y FE(j] <®);

j=1

()

’

£(z);

which is
d an global
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Table 4. Pseudo-code of MAB function

Algorithm MAB

Input: B, ... P, S)..... Sk, £ Parameter MAB_NAME,
0!7 61 771 T.

if (MAB_NAME = “Epsilon-First’){

—

7« argmax i Zj SM ;
7jg=1
Jelse if (MAB_NAME = “Epsilon-Decrease”){
if (rand_float(0,1) < ) i<rand_integer(1,K);
7-4

. 1 &
else i «— argmax —Z S
! n/'q:l

€ < ne /| »° Decay Parameter
Jelse if (MAB_NAME = “UCB1”)}{

) 1 & [2In
z<—argmax]-—25jq+ n;
Mig=1 " "

lelse if (MAB_NAME = “UCB1-Tuned'){

© © No o~ D

1 < 2In¢
1. Ve —Y'§2 —F24+ |2
4 nqul 74 I n;
1
12. i < argmax; E; + \/ nn min(1/4, V;} ;
n.

7

13.  lelse{ /+ MAB_NAME = “UCB2" +/
14. if (is_UCB2_performing = false){

5 Uje\/(lJra)ln(en/[()lJra)yﬂ ;
2 [(1+a)]

16. ieargmaxiiz/sjq-l- U
n/'q:l '

17. it (r, <[+ 1= [(Q+a)])

18. rp<—r, +1

19. lelse{ is_UCB2_performing < true;  }
20. '}
Retun ;
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Fig. 2. Examples Benchmark functions to evaluate the
performance of global optimization algorithms[17]
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Table 5. Performance evaluation results of CC algorithms with five MAB methods

Category Compared MABCC algorithm
Targlegtomicc WL o | MABCC- | WABCC- | MABCC- | MABCC- | MABCC-
UCBT UCB1-Tuned uce2 e—First e—Decrease
Win 16 - 0 0 8 8
MABCC-UCB1 Tie 26 - 10 10 3 3
Lose 30 - 8 8 7 7
Win 3?2 8 - 6 9 9
MABCT:UCH;C& Tie 28 10 - 12 3 3
Lose 12 0 - 0 6 6
Win 26 8 0 - 9 9
MABCC-UCB2 Tie 26 10 12 - 1 3
Lose 20 0 6 - 8 6
Win 23 7 6 8 - 2
MABCC-¢—First Tie 13 3 3 1 - 6
Lose 36 8 9 9 - 10
Win 29 7 6 6 10 -
MABCC-e-Decrease Tie 15 3 3 3 6 -
Lose 28 8 9 9 2 -
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E 6. CEC 2010 Benchmark functionollA{2e] M= =7} A1}
Table 6. Performance evaluation results in CEC 2010 benchmark functions
MABCC- MABCC- | MABCC- | MABCC- | MABCC- .
Fun. | Measure |\ opt Tined | UGBt UCB2 | e-First |e-Decreage| D250 | BBCC | CBCCT | CBCC2
Mean 6.81E-01 906E-01 | 748E-01 | 398E+07 | 3.28E+06 | 1.54E+01 1.90E+06 | 1.07E+01 1.32E+01
F1 p-value - 153E-07 | 1.34E-02 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09
WIT/L - W W W W W W W W
Mean 750E+03 750E+03 | 749E+03 | 757E+03 | 7.59E+03 | 7.50E+03 | 7.55E+03 | 7.50E+03 | 7.52E+03
F2 | p-value - 749E-01 | 3.88E-01 | 853E-05 | 2.05E-05 | 8.69E-01 1.576-02 | 9.00E-01 | 357E-01
W/T/L - T T W W T W T T
Mean 1.96E+01 1.97E+01 1.97E+01 1.96E+01 1.98E+01 1.96E+01 1.97E+01 1.97E+01 1.98E+01
F3 | p-value - 256E-01 | 900E-01 | 946E-01 | 204E-01 | 9.77E-01 | 7.20E-01 1.77E-01 1.60E-01
WIT/L - T T T T T T T T
Mean 1.69E+13 581E+13 | 3.39E+13 | 3.19E+11 418E+11 1.08E+14 | 4.65E+11 503E+13 | 4.65E+12
F4 | p-value - 1.33E-09 | 1.17E-06 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 552E-09 | 552E-09
WIT/L - W W L L W L W L
Mean 4 87E+08 498E+08 | 4.87E+08 | 3.83E+08 | 3.88E+08 | 4.99E+08 | 3.85E+08 | 4.79E+08 | 4.65E+08
F5 | p-value - 327E-01 | 869E-01 | 1.50E-09 | 1.50E-09 | 265E-01 | 2.15E-09 | 290E-01 | 1.07E-02
WIT/L - T T L L T L T L
Mean 1.61E+00 6.16E+05 | 359E+04 | 201E+01 | 4.11E+04 | 3.13E+06 | 1.93E+01 | 2.82E+05 | 6.19E-01
F6 | p-value - 1.33E-09 | 1.24E-08 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09
WIT/L - W W W W W W W L
Mean 1.71E+09 160E+10 | 9.08E+09 | 5.33E+04 | 2.81E+04 | 361E+10 | 3.43E+04 | 1.41E+10 | 4.60E+02
F7 | p-value - 1.33E-09 | 1.91E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09
W/T/L - W W L L W L W L
Mean 4.90E+07 107E+08 | 6.36E+07 | 1.01E+06 | 9.85E+05 | 2.00E+11 | 8.32E+05 | 526E+08 | 1.12E+06
F8 | p-value - 1.73E-05 | 113E-02 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09
WIT/L - W W L L W L W L
Mean 5.94E+08 6.61E+08 | 591E+08 | 4.37E+08 | 1.99E+08 | 8.46E+08 | 1.53E+08 | 8.22E+08 | 9.26E+08
F9 | p-value - 188E-04 | 5.80E-01 141E-03 | 1.70E-07 | 1.33E-09 | 1.33E-09 | 3.46E-09 | 1.33E-09
WIT/L - W T L L W L W W
Mean 8.95E+03 8.94E+03 | 894E+03 | 890E+03 | 892E+03 | 9.01E+03 | 8.89E+03 | 897E+03 | 8.95E+03
F10 | p-value - 6.77E-01 | 884E-01 | 896E-02 | 347E-01 | 2.15E-02 | 4.26E-02 | 5.80E-01 | 8.39E-01
WIT/L - T T T T W L T T
Mean 2.00E+01 1.98E+01 1.98E+01 | 2.19E+01 | 2.09E+01 | 2.00E+01 | 2.19E+01 | 2.01E+01 | 2.03E+01
F11 | p-value - 240E-01 | 3.88E-01 1.38E-07 | 279E-06 | 7.20E-01 | 258E-07 | 528E-01 | 6.04E-03
W/T/L - T T W W T W T W
Mean 2.29E+05 264E+05 | 2.19E+05 | 5.12E+04 | 4.09E+04 | 3.35E+05 | 261E+04 | 3.08E+05 | 5.27E+05
F12 | p-value - 111E-05 | 1.54E-01 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 4.37E-09 | 1.33E-09
W/T/L - W T L L W L W W
Mean 1.83E+03 738E+03 | 2.12E+03 | 1.39E+06 | 1.83E+06 | 8.06E+04 | 1.56E+04 | 7.16E+04 | 7.97E+07
F13 | p-value - 1.33E-09 | 353E-02 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09 | 1.33E-09
WIT/L - W W W W W W W W
Mean 5.99E+08 590E+08 | 6.03E+08 | 1.20E+09 | 7.24E+08 | 6.01E+08 | 657E+08 | 6.10E+08 | 7.51E+08
F14 | p-value - 479E-01 | 7.20E-01 1.70E-09 | 1.27E-04 | 869E-01 | 2.99E-01 | 3.27E-01 1.94E-08
WIT/L - T T W W T T T W
Mean 1.02E+04 102E+04 | 1.02E+04 | 1.02E+04 | 1.02E+04 | 1.01E+04 | 1.02E+04 | 1.02E+04 | 1.02E+04
F15 | p-value - 248E-01 | 567E-01 1.14E-01 | 9.92E-01 | 2.25E-01 | 3.88E-01 | 9.46E-01 | 9.30E-01
WIT/L - T T T T T T T T
Mean 3.56E-01 460E-01 | 352E-01 | 8.19E+01 | 4.79E+01 | 4.12E-01 | 5.48E+01 | 3.92E-01 1.14E+01
F16 | p-value - 580E-01 | 4.32E-01 | 1.33E-09 | 1.33E-09 | 1.20E-02 | 1.33E-09 | 1.17E-04 | 1.33E-09
WIT/L - T T W W W W W W
Mean 1.46E+05 145E+05 | 1.44E+05 | 4.69E+05 | 2.77E+05 | 1.47E+05 | 2.44E+05 | 1.64E+05 | 5.68E+05
F17 | p-value - 421E-01 | 2.99E-01 1.33E-09 | 1.50E-09 | 7.20E-01 | 9.84E-09 | 145E-05 | 1.33E-09
W/T/L - T T W W T W W W
Mean 2.32E+03 2.38E+03 | 2.32E+03 | 576E+08 | 4.79E+07 | 2.38E+03 | 395E+07 | 263E+03 | 1.97E+06
F18 | p-value - 2.56E-01 | 8.08E-01 1.33E-09 | 1.33E-09 | 4.43E-01 1.33E-09 | 4.89E-02 | 1.33E-09
W/T/L - T T W W T W W W
Win - 8 6 9 9 10 8 1 9
Total Tie - 10 12 3 3 8 3 7 4
Lose - 0 0 6 6 0 7 0 5
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