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Firefly Algorithm with Deep Learning
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Abstract: In order to overcome low precision and premature convergence of firefly algorithm, this paper proposes a
new method,called firefly algorithm with deep learning. First, firefly algorithm selects a particle to learn according to the
random attraction model;second,the method constructs a general center particle based on the best historical position; third,
the particle leads the evolution of the population after a certain times of one-dimensional deep learning. Experiments show
that the deep learning strategy and the number of deep learning of particles play an important role in optimizing the perform-
ance of the algorithm. The experimental results of 12 benchmark functions demonstrate that the comprehensive optimization
performance of the proposed algorithm outperforms eight other recently firefly algorithm variants.
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1 Initialize a population of fireflies randomly
2 Calculate the fitness values of each firefly and record pBest and gBest
3 FEs=N

4  While (FEs < MAX FEs)
5 fori =1 to N

6

Select a firefly j from the current swarm randomly and i#j

B TRBE ) K U 2635
7 i f(x) > f(x)
Move firefly i towards firefly j according to Eq. (4)
9 Calculate the fitness values of the new firefly i
10 FEs =FEs +1
11 end if
12 end for
13 Construct the x5 according to Eq. (6)

14 Updated the x$°° by Eq. (7) with DL_count times
15 FEs = FEs + DL_count

16 fori=1to N

17 if f(a) >f(x°F)

18 Move firefly i towards the particle GCP according to Eq. (8)
19 Calculate the fitness values of the new firefly i

20 FEs =FEs +1

21 else

22 Mutate x;according to Eq. (9)

23 Calculate the fitness values of the new firefly i

24 FEs=FEs +1

25 end if

26 end for

27 Gen + +

27 end While
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D
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D
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D
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Algorithm Parameter setting Reference
FA 2008 @=0.2,8=1.0,y=1.0 Yang 2008141
FA 2010 @=0.2,8,=1.0 Yang 2010121
Memetic FA(MFA) - Fister et al. 2012[22]
FA with chaos(CFA) tpin =0.04,8)=1.0,y=1.0 Gandomi et al. 201312

Wise step strategy FA( WSSFA)

Bo=1.0,y=1.0

Yu et al. 201424

Variable step size FA( VSSFA)

a=0.2 Yu et al. 20151

FA with random attraction ( RaFA)

«=0.2,8,=1.0,y=1/T"(m=2)

Wang et al. 20162

FA with adaptive control parameters( ApFA)

@=0.2,8,=1.0,y=1/T"(m=2)

Wang et al. 201727

DLFA «=0.2,8,=1.0,y=1/"(m=2) -
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DLFA B35 AE 4 A g s B (f, f, s RS R L A2
PRE(f) TN e U {H. 22 1 R %L S, , DLFA S35 1)
TSR A

N EINE M L AR H, B 2 ROk T 12
A3 R RS A5 R WA £ TR s ) 2 A

BREREL S, f; T £, , DLFA Sk AW S8 BE e B A St i
FERIIRTFIHE 8 A8 Fe il 3, fE R B S, s S5 AL,
L,E@ifﬁ”&ﬁu,ﬁﬂ DLFA B35 PRs 3t 58 ) T AT 55 X
T eREL f, ,MFA .CFA RaFA ApFA F1 DLFA &y $2E R
W, 58 AT 55 206 K%L f , DLFA SRR %
LT — R BRER ™, % R B TR 2 J5 i d
LA, Ui B DLFA 53k B g — % 19 1k 85 Jm 30 die 0 10

o
He
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Function FA 2008 WSSFA VSSFA FA 2010 MFA CFA RaFA ApFA DLFA
Mean Mean Mean Mean Mean Mean Mean Mean Mean
i 6.67E +04 | 6.34E+04 | 5.84E+04 | 5.14E-02 | 1.56E-05 | 3.27E-06 |5.36E -184 | 2. 02E -44 | 0.00E +00
S 5.19E+02 | 1.35E+02 | 1.13E+02 | 1.07E+00 | 1.85E-03 | 8.06E-04 | 8.76E-05 | 1.83E-12 | 0.00E +00
f 2.43E+05 | 1.10E+05 | 1.16E+05 | 1.26E-01 | 5.89E-05 | 1.24E-05 | 4. 91E+02 | 1.01E +01 1.58E -09
Ja 8.35E+01 | 7.59E+01 | 8. 18E+01 | 9.98E-02 | 1.73E-03 | 8.98E-04 | 2.43E+00 | 1.30E-07 | 0.00E +00
fs 2.69E+08 | 2.49E+08 | 2. 16E+08 | 3.41E+01 | 2.29E+01 | 2.06E+01 | 2.92E+01 | 2. 81E+01 | 1.99E +00
Jo 7.69E +04 | 6. 18E +04 | 5.48E +04 | 5.24E+03 | 0.00E +00 | 0.00E +00 | 0.00E +00 | 0.00E +00 | 0.00E +00
S 5.16E +01 | 3.24E-01 | 4.43E+01 | 7.55E-02 | 1.30E-01 | 9.03E-02 | 5.47E-02 | 2.76E-03 | 1.26E -02
fs -1.56E +03| -2.01E +03| -1.85E +03| -3.41E +03| -7.63E +03| -8.21E +03| -1.21E +04| -6.25E +03| -8.86E +03
fo 3.33E+02 | 3.61E+02 | 3.12E+02 | 4.95E+01 | 6.47E+01 | 5.27E+01 | 2.69E +01 | 1.21E +01 | 0.00E +00
Jio 2.03E+01 | 2.05E+01 | 2.03E+01 | 1.2IE+01 | 4.23E-04 | 4.02E-04 | 3.61E-14 | 2.55E-14 | 5.68E -15
fu 6.54E +02 | 6.09E+02 | 5.47E+02 | 2. 13E-02 | 9.86E-03 | 7.91E-06 | 0.00E +00 | 3.33E-16 | 2.99E -02
fi2 7.16E+08 | 6.18E+08 | 3.99E +08 | 6.24E+00 | 5.04E-08 | 8.28E-09 | 4.50E-05 | 1.23E-16 | 1.57E-32
w/t/1 12/0/0 12/0/0 12/0/0 11/0/1 11/1/0 11/1/0 9/1/2 10/1/1 -/ =/ -
NG A BRI RE, XP A RL T 4.5 RERSR

Friedman 0. 3 5 231 T 9 FhAL O RIS ME. BI9ME
BN FORB B GE A RE R AE. 3@ 3% 5 AT, CFA
1 RaFA B35 A BRI (EAR TR, B WX 2 Fh 3 0k e ik 200
HHIR) ;s DLFA 5395 19 BR 3 {E fe /)y, 1 W DLFA 533k {4k
BRI LR G U RE iR A

DLFA H357E FA 2010 5095 #9566l 2 B R FHBEHL
W 1A AY ) SCH G oRL - FHIR BE 2 2] 3 b SR i 47 5
EACPERE SR T, S BF 5 45 5w X 33035 A AR PR BE 1 52
WAFEIE , AT A [ SR s 2H &, T2 BRI 8 Bl i 50k, R
AR5 EILF 6.
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FA 2008 8: P Combination strategies Combination algorithms
FA 2010 FA 2010
FA 2010 + Radom attraction model FA 2010 + RAC

IR A A BRI AL PERE (R 4.1 g 12 A4
PRECIATIN R, S0 S8 Bl 4.3 47, SEg 45 R W3k
7. Wit 7 00, FA 2010 + RAC B3E7E 9 4 -3
RES AR F FA 2010, 76 s %K £, b S04 R e i FA
2010 + RAC + GCP &3 7E 7 4~ s % 4 F FA 2010 +

FA 2010 + Radom attraction model +

General center particle

FA 2010 + RAC + GCP

FA 2010 + Radom attraction model +

General center particle + Deep learning

DLFA
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