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Abstract: Based on the idea of biological immune network and multi-agent technology, an artificial immune network
multi-agent optimization strategy for dynamic environment(Dmaopt-aiNet) is proposed. The strategy with the target of
global optimization introduces neighborhood clonal selection, neighborhood competition and neighborhood collaborative
operators. Simultaneously, self-confidence of each agent can be automatically adjusted. In the optimizing process, some
strategies such as double-agent network structure, double-mutation strategy and dynamic environmental monitoring are
involved. Theoretical analysis shows that Dmaopt-aiNet algorithm is global convergence. Experimental results and com-
parison illustrate that Dmaopt-aiNet in dealing with high-dimensional dynamic optimization problems is more superior and

can accurately determines the location of the optimum with good effectiveness and efficiency.
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(Strategies of artificial immune network
multi-agent dynamic optimization)
2.1 ZAgentd) &AL 4L R 4i(Multi-agent dynamic
optimization system)
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Hr: S(t) = ﬁ< a;_(t),a; (t) >HE X, © =
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1t Z AgentM ¥, BEANAgentd — & [ % A7
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a— (1)) < ag-(t),
ag (t), Wka, +r(—=1,1) x (ar—
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X
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%

3) XUEAE A

T Agent 5% Agent 1191 %X I TR
Agent] TARZHEAMIRA [, 1ISKiZ $ 0, Bk b
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2 (AL — ASa))s (12)

L AT AN AR R QAR ST AN, e Fle
N2 R AR S e+ ¢2 = 1, norm () FIH—
ERAE R B, it IR, (0, 1) (0, DX BENL
B, A, AR N SR AN AL KE10004 4K (0, 0) i
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(Zk/ =
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ar, — X(T) - u(0,ar — ap_(1)) -
FiAth;

E=1,2,---q(t).

u(a, b) Ha, b] NS S AT FIBEHLEL. K 100014
MO, 0)H I £ 78 S (1) AR 3 A an I 1 (b) 7. HX
ANF IR BE AR AL R B (T), p—7% 5 AR 40 A
Kl 1(b) El2(a) M1 E2(b) 7, 7] L, BEA #5848 40 3%
H W R, AR i B B A, X2 B
IS AR R
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Fig. 1 Spatial distribution of the offspring derived from
the point (0,_0) of two kinds of mutation
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Fig. 2 Distribution of the offspring of different x(7")
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fif = ), 0 o v B B R\ 00 B A MG D 1 B 1) 5
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BB, AR 30k b e R 45 L AR IR A 38 I F B S 4 ),
MR Agent) A5 EIBLAEB (AT, ) < ¢, 8 A
B Ik Agent; R 5 T R AgentI A7 T [F] —
AN e P 2 T, S AR W A 114 P Rl Agent 1)
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2.3 Dmaopt-aiNet5 % (Dmaopt-aiNet algorithm)

Dmaopt-aiNetf#ii& 4 T

Step 1 HWIUHILMIAK REEL(0), W& H A5 B
¢, TFRREAZEEZ MM, BT = 0;

Step2 5 L(T) & MERIZES 1 C(A,n)
5AGEEB(ALL);

Step 3 M WA L(T)  NEM A&
B(A,,) R BIE KI5 T K AgentFl 48 2 Agent, I /&
B(A}, ) > CHI ¥R Agent, B(A], ) < CHIANTT
K Agent;

Step 4 XF WA L(T) (AN AR EAT 48 358 e Bt ik
PEEAE, JF R AgentK H u—"% 57, K Agent X H Q%
g, WHR RIS L (T);

Step 5 0f L' () 45 A AN R AT 408 488 58 5 £
1k, Hadak A5 B B B AR AR 3 2% 2] 58 i B S BE E
WL, S R 4% L2 (T);

Step 6 P AT &1 4 B 15 £ AE, BB 43 3 M 4%
L¥(T);

Step 7 S AZ I AN, Kl A2 A
I AR EB(AL ) B A C, AT P18 I 4, JF:

ST A 75 0 A A L AR D, s 2, WA ok, RIT =
T + 1, #Step 2;
Step 8 CAZ I B IFANA RN A i
3 Dmaopt-aiNet i S8 4 4 Pr(Analysis of
Dmaopt-aiNet convergence performance)
EX 4 TEHEw, e LR Al
A2 {AeS(t): F(A) =
F*2min(F(A): A € S(t))}. (14)
XTT PR B REAAA, Wp(A) = AN A |RRRE
AT AL AR B H, FRS*(t) = {A € S*(t)]
P(A) = 1} Mt Agent (% [H].
& AR, Tl Agent 25 (8] b 2 /b 511
A AR
EX S ARWR TR IIAEIRE Ao, YA
Tlgn P{A(T)N A* # @|A(0) = Ao} =
lim P{A(T) € §*(1)|A(0)=As} =1, (15)
EﬂTlim P{y(A(T)) > 1|A(0) = Ay} = 1.
DR EE LIE AR VS S R d LRl AR
EE 1 EREEY T, %M %% 2 AgentH ik LA
MR VRSB B A 2.
W EMEEY, T, WPo(T) =P{y(A(T) =0} =
P{A(T) N A* = o}, HBayessc /5% 2 A7
Po(T+1) =

P{Y(A(T +1)) =0} =

P{y(A(T + 1)) = 0[¢(A(T)) # 0} x
P{y(A(T)) # 0} +

P{Y(A(T + 1)) = O0](A(T)) = 0} x
P{y(A(T)) = 0}. (16)

HiDmaopt-aiNet [ 418 38 b [ 106 48 | & 45k 50 4 S A
HAER S 15 75— UGB, U B3NS F #R1E
Jri BRAT R B S5 0 BN 2D T R A s 2 AR 4 3
B i A AR 1 e 0 A8 AN 2 1 R AR, DU,
P{y(A(T + 1)) = 0¢:(A(T)) # 0} = 0, W)

Po(T +1) = P{¢Y(A(T +1)) =0} =

P{Y(A(T +1)) =

0] (A(T)) = 0} x Po(T) = 0}, (17

P{Y(A(T +1)) = H(A(T) = O}min =

1 1
. _ = pda(T+1),a:(T) (1 _
mm{Ls-Ls[)\—l " (

Pm)l—d(a(T+1),a,;(T))]w} > 0.
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FCrp RS rp R S B ) 1) A2 S SR, b
A =10, DGR RE, d(-, -) A A A ] AR R TGRS

w
v = min P{(A(T + 1)) = 1 (A(T)) = 0}mmin,
T=012,---,
P{O(A(T +1)) = 1[$(A(T)) = 0} > 9 >0,
(18)
I

1= P{p(A(T + 1)) # 0[( 0}
1= P{(A(T + 1)) > 1[¢(A(T)) = 0}
1= P{p(A(T + 1)) = 1[y( 0}
-9 <1,
5}

0<Po(T+1) < (1-9)Py(T) <

(1=9)>xPo(T —1)--- < (1 —9)"" x Py(0).
%JTILm (1—9)TF =0, 1> Py0) >0, Il

0< lim Po(T) < lim (1 - 9)"+'Py(0) =0,

(19)

A4

lim Po(T) =0,
P LA
Tim PLA(T) N A° £ A(0) = g} —
1-— TII_IEOPO(T) =1,
EHTIE{}O P{A(T)N A* € S*(t)|A(0) = Ay} = 1.
T B 1 AR, AIFERRGE W T, R4 2
Agent 512 LI 1ISCSA.
4 i H LK 5 4 ¥r(Simulation experiment
and analysis )
4 T 5 UF Dmaopt-aiNet ¥ 11 fg
A MR 5622
LM WREB A AT = 7 - [T]40)x1;
TR E Az = 7sin(2nt/25) - T]40)x1,
AR
Ax = 7 cos(2mt/25) - [T]4uyx1, fRHFTEG
GaussianZ R ECH Az = 7(0,1) - [I] 1)1, TR
INRR I AR B, f 3 BRI AR 4K ] 3.
e Tt de AL R I ek B, IR AR S IR
ICS23], Opt-aiNet®4 flDopt-aiNet!®! (K31 T L4

, X F Angelinel?]

q(t)
Sphere = > 22, x € [—1.28,1.28], ¢q(t) = 30;

i=1

a(t)—-1
Rosenbrock= > (100(x; — z;41)*+(z;—1)?),

=1
x € [—100,100], ¢(t) = 30;

1 q(t) q(t) €X;
Griewank = 2000 1:231 %2 — z1;[1 COS(W) +1,

x € [—600,600], q(t) = 30;

q(t)
Rastrigin = > (27 — 10 cos(27mz;) + 10),

i=1

x € [-5.12,5.12], q(t) = 30.
& LB AP )V 35 1R 25 Ace Ay BHR I AR AL
Je 55— AR P T 5 4 03 B R AN I 1) R £
HURH N B8 g5 ME 2 ZE B3 AT ROR A

Acc =
!5 pa
Tin T 2 2 (F(Aemax) —opti), (20)

e RnRoREE B AT IRBL, TR R FIL AR
UHL, fRORREIN ST, F(Ae max) RRRERIR
BEARA i B 3R e i — AACAZ e h 6 4 0 B KA AT
I3 (1) BRI, opt 27 bR ER 1) B B /ML

ICS AU B AR ARl 100, 3951 5 5040.04, &
A B L Pt A4 5 37 20 10; Opt-aiNet ) 1] 45 #F 44 K
FEN20, HUARSIE 1 40.5, BEASPUAR R 50 B 2L A4,
FHACPUAR T Hr % H140%; Dopt-aiNet [ 4] 4G FEAA AL
920, PUARSIHI k0.5, BN PR R e REECA4, R
PUAR ST 26 40%, f5: K I HTAA AN 4 40; Dmaopt-
aiNet[) A IE £ Ls x Ls 5 x b, T8 B Fi AR k4,
WU &Ky = 0.5, =i R 8 = 0.5, A{EEBIMEC =
0.5. LS i KRB AR IR Ninax #8249 1000, 145
T=0.1, f =1 fELLESHBCE T, S50
SEPATS0IR, Gevh g R LA 1, A Dopt-aiNet57% (1)
IBAT S R BRI E SCHR15).

FHR 1] A0, 7250 48 v Y, Dmaopt-aiNet{t: &
Bl R T BRAF I S5/ H B eR EUE B HAR SR
AN, B AR B SRAG ) 45 K eR U(E EEICS IR g /s, HoAE
SRS BRECT AT 3R 22 ST 22 35 b HAR
/0N, Bk 4 8L ] 3R 411, Dmaopt-aiNetBE 5% 4 Hi BR ¢
B H S AR B o A8 €. R Opt-aiNet il
Dopt-aiNet 71 5= S8 3055 N fir 3k fix 72 45 2Rt Dmaopt-
aiNet/¥) 4 GH i R 1010 f KAE LU IR), 1B 456 B 3Kk i
AIMEL P38 22 R il 2 T 22 LR AT 4N, Opt-aiNet Al
Dopt-aiNet/t: ) & & 58 T i 3k 250 B 48 e 1 4 2%,
Dmaopt-aiNet7t: % % M 4% FEfili bR FH T Agentf¥] 3¢
G MERIR, ERFF A 2 FEPE LA b RR A 4T b
B4 R 5 R RS 2R e 07, D s A 4 R 45 A
E PR
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Table 1 Performance comparison of 4 algorithms
BRI AL Hk Attt ARAGERE GaussianZ AL R EL
1CS 2.02%+0.92 2.61+0.87 2.01+0.73
| s -ai 35+1. 2241, 96+0.
TR+ T Opt alNet 2351147 2.22+1.19 1.961+0.99
Dopt-aiNet 0.02+2.22 0.324+0.18 0.02+0.17
Dmaopt-aiNet 0.02£0.66 0.18£0.09 0.02+0.06
ICS 62.20 2.37 1.28
Sphere B fl Opt-aiNet 32.20 342 2.24
Dopt-aiNet 46.76 0.75 0.05
Dmaopt-aiNet 53.14 5.14 2.14
ICS 0.86 1.08 0.75
BME Opt—aiNet 1.02 1.35 1.15
Dopt-aiNet — — —
Dmaopt-aiNet 42X 1073 5.6X1073 3.8X1073
1CS 4.16£0.58 3.92+0.92 2.12£1.30
NN -ai 3340. 61£0. 32+0.
SRS 4 2 Opt ag\let 4.331+0.47 3.61+0.19 3.32+0.64
Dopt-aiNet 0.50£0.17 0.57+0.24 0.2240.17
Dmaopt-aiNet 0.22£0.66 0.37£0.15 0.11£0.12
1CS 4.62 57.23 3.17
Rosenbrock B Opt-aiNet 3.17 37.18 2.28
Dopt-aiNet 2.59 43.79 0.92
Dmaopt-aiNet 5.28 41.14 1.24
1CS 1.09 0.86 0.86
M Opt—aiNet 1.22 1.02 1.02
Dopt-aiNet — — —
Dmaopt-aiNet ~ 7.9X 1072 6.2X1072 55%X1072
ICS 2.17%1.12 3.11+0.97 1.914+0.82
e | -ai .090. d1£1. 73=£0.
SR+ Opt-aiNet 1.09+0.87 2.11£1.08 1.73£0.99
Dopt-aiNet 0.03+0.16 0.38+0.58 0.03+0.16
Dmaopt-aiNet 0.02+0.07 0.124+0.26 0.0240.08
1CS 44.10 72.15 62.93
Rastrigin Bf Opt-aiNet 32.27 62.21 52.43
Dopt-aiNet 39.56 74.05 55.11
Dmaopt-aiNet 38.14 73.14 56.14
ICS 0.91 1.26 0.97
BME Opt-ai.Net 0.73 1.01 0.84
Dopt-aiNet — — —
Dmaopt-aiNet ~ 5.1X1073 2.8X1073 8.9X1073
ICS 2.02+2.32 3.01%+0.87 17.21+4.87
| s -ai 23+1. 77%0. 31E1.
TR+ T Opt alNet 1.23£1.97 2.77£0.73 10.31+1.27
Dopt-aiNet 0.03+1.76 0.334+0.17 7.57+5.79
Dmaopt-aiNet 0.02+0.86 0.17%0.12 5.76%2.18
ICS 6.20 6.20 8.65
Griewank Bl Opt-aiNet 4.20 3.20 5.19
Dopt-aiNet 1.48 1.02 3.80
Dmaopt-aiNet 7.14 5.14 6.34
ICS 1.06 0.86 0.93
BME Opt—aiNet 0.92 1.02 0.32
Dopt-aiNet — — —
Dmaopt-aiNet ~ 6.7X107% 54X107% 3.9%1073
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5 Dmaopt-aiNe [¥] P B8 4 HT(Dmaopt-aiNet
performance analysis)
51 #BAEHE T X 3hA T W (nfluence of op-
erators on dynamic optimization )
ZRENE IS S AL I PPl bR, SCHR[25]
51N T R I Z Ff P (phenotypical diversity, PDM)
FIFE R 8 £ K % (genotypical diversity, GDM)J &
Fa b, A 30K 3] T Dmaopt-aiNet (1) 2 £ 1l &,
JE SRR
PDM = C(Amn)ave/C(Amn)maxs (1)
GDM = (E = Euin)/(Emax = Fmin),  (22)

Horb C(Amn)ave MO (A n ) max 7351 8 AR KA
RGN T34 55 4 ) F e K54 1, PDM €
[0, 1], M5 S, HAEBE T B, Enax M Epin
P IS U AE 5 sl TR R AN = 2 & S AN R B 6]
MR PR 25 e ROM e /N R G ER 2. GDM € [0, 1],
M GDME T0m, R HAMKE T—3, Bk 28
AR M GDMELK I, WA R 2 350K, 8,
WHHEPDM > 0.9HGDM < 0.1, I\ b 3%k Ok
S, 0 < PDM < 0.9HGDM > 0.1, M43k
Ab R By Br. Dmaopt-aiNetK F T M k% 3135 T 1)
AT 358 5 B L S A RN P U B A SR R AR
TE G )1, RS AR T B 2 SR 5
Wl T 2h MR SE 560 K A & 22 4k 1¥) Sphere b
%, LL10OA R A0, A8 ML IS AT S E T, W
50K [FIPDM GDMY-34 45 R 3 7, & e
ORISR T, o = 0.1, f = 50; g
51, 3, 5yDmaopt-aiNet; & 524 A8 4K o B % £%,
i 5 4R RIS A, G T 4 R AR M.

K30 2 7] LU H, 12 17 Dmaopt-aiNetfhf, — H.
B R AR 3% 7 SSTTR), PDM 1/ A
PR BT, MIGDME A KA, 4R 5 2 i
VIS, 26 WIS RE AR f M vy 8 R 0 e I B8
B B, R I BEGDMAS RE4EFF7E0.1~0.4555 [H A,
R FLZ AT IR 5, S5 v ik
HTMPDM— H 4ERER/NMKCT, TTGDM — H A6
YRR KA, R RS — HIBIT A R B, 1
LRI 5 A0 B PR AR e, AR IS 4 AEFR
B AR A JE PDM HH /M PRIE K, 11T GDMAERF ALK
-, 2R B ARITE A BRGNS, (R T 2 REEAE,
2oy WG 5 DL E PR A [ 1 o AT ek P A A
T HIPDMA GD M P 85528 4 AR, # fe 4EF7 4R
KK, 2R BHZA R ] (1945 A UL Al 4 47 Hh 4
R R PS4, g8 1, Wik DL 3N R
TS EAEH, ﬁ%ﬁfDmaopt—aiNetEﬁi%‘? HIREEZ
FEVE SRS b, PO SR, - Rededr Rl 5 45 1

FA.

1.2

GEAN
o

EZ2 e

BRI
3 SERAE T ZFEPESEAR
Fig. 3 Diversity measurements for each operators
5.2 ¥EHISHo0r T8 P 88 10 3 W (Influence of

control parameters on the optimization perfor-

mance)

Q- F A% N Fofr A8 g e 1 2Lk
H, fEDmaopt-aiNet# 7% 1, Q-8 57 52 5 A Fnit
i Mm € {0.1,0.2,0.3,0.5,1,3,10 }, K2 N Al F
IS0 1) 45 R AN [l WR A AN [R] 1 28 57t 7K1,
R B )7 S Bt K. N2, 0. 1
X MR R B RO B, n = 0.2300.305 % [
AR, e AR A LR 0.5~ 11, &
Y2 A bR B SR RSOR AT W] 8 5 I3~ 100, B
3% R B A AR BOR B B A f R
52 A5 - BRI I pR B AR AT G, Btk AR i
SRR BN B 32 4728 R, 3 AR Ak P o 1) 32 428 A
TR, T A2 % (1) v 0 BB LA A 75 SR R R 1 32
R, HORK AR e 2 45 1 48 5 e A ik i B
R, AR A%,

5.3 bR B 4E B0 PR IR B 5 W (Influence of
dimensions on the number of evaluations )

BRI LI DI O B 5% W B A 1 i IR O . A
SRS a4 i 7R 0k b B 4 B 2~ 100748
A BEAT PEAL B 53 4. K Dmaopt-aiNet{t: & 4™
RAE I e 1A% — T ) &2 B BEHLIZ 17207, i
SACAZ E A ART0K N ANAZAL TR (R ~F- 35 PP Ak T3
Eld(a)~(d)g i T V-3 VEAT O £ Bl 4 H 38 A0 5%
2, HE W51, %) T Sphere, Griewank fl1Rastrigin pf
B, R YEEAE2~4078 4K 9 VP 1 H B 44 K1 1
KA, (H LU B A 4ERR 3 1, PR IO K
THRE FRAIC, U4 BOR T-450, PR 053 A1 14000
~5000[7]; %} F-Rosenbrock pf £, 7F 4t £1A 2120)5,
X PR IR ESCBE AT W (R 5, oR A R AR AL R )
PR IR EAE6000 /0 47 9 8)). AL, Bl D04k eR 2 4
FERIRE 0, B HY AP RO g AN 2 AR B . ]
U, Dmaopt-aiNet/t: = 4k B E LA BT HE o0 ik
R BE.
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Table 2 Infulence of n on the performance of Dmaopt-aiNet(mean error + standard deviation)
Sphere Rosenbrock
n . ” - . N . " . . "
AR bR AR RS GaussianZBAL R ZeMEARk R %R 53 AR 1k, R 2L Gaussian”Z 1, pR %
0.1 0.01%+0.13 0.861+0.37 1.01£0.28 0.05%0.18 0.75%+0.88 1.23+0.68
0.2 0.01+0.37 0.42+0.12 1.07£0.44 0.034+0.48 0.31+0.48 1.11£0.51
0.3 0.01+0.42 0.39£0.10 1.03£0.36 0.0240.38 0.294+0.37 1.05£+0.43
0.5 0.0240.66 0.18+0.09 0.02£0.06 0.2240.66 0.37%0.15 0.11£0.12
1 0.02+0.36 0.13+0.19 0.11+0.16 0.12+0.46 0.22+0.25 0.26+0.22
3 3.12+2.16 2.73+1.64 3.57+1.29 3.69+2.77 4.86+3.01 3.61+2.22
10 6611421  925+421 11.24£8.19 7.28+5.11 53242.14 8.17£5.31
Sphere Rosenbrock
R RS GaussianWAL %L VRS [63)45 A4 PR E Gaussian % ¥, bR £
0.1 0.02%0.10 0.87£0.75 1.31£0.65 0.02%0.16 0.861+0.54 8.13+2.74
0.2 0.02%0.10 0.41£0.21 1.43£0.36 0.031+0.22 0.384+0.32 7.331+2.86
0.3 0.0240.06 0.31£0.11 1.17£0.16 0.0240.15 0.294+0.27 6.811+2.66
0.5 0.0240.07 0.12+£0.26 0.02+0.08 0.0240.86 0.17%0.12 5.76 +2.18
1 0.03%+0.17 0.24+0.46 0.07£0.19 0.051+0.71 0.234+0.31 4.12+1.01
3 3.33+£2.09 3.19£2.16 4.12+1.69 3.97£2.14 2.73+1.97 12.324+4.53
10 9.19+5.47 13.29+8.12 6.92+7.36 9.92+4.21 7.76+5.32 13.38+2.76
6000 T T T T 8000 T T T T
so0F e . 7000 N - A\ ]
AT 6000 - P N oA L N
4000 - _._/_ .......... i II \ X /r R /I B <
ﬁ //, ﬁ 5000 - II NS \_‘/-.' _
<7 S H
f‘é 3000 -7 . ;?é 4000+ 4 .
= 1 B 5
= 2000} 4 N E 3000F 4 - .
b — [HEs) 2000 [Hizz) i
wol! Gawssianizz) | T | Gaussianiz 3j
-- - thtiEE) 1000 - HEED)
1 1 1 1 0 1 1 1 1
% 20 40 60 80 100 0 20 40 60 80 100
Yl %est
(a) Sphere function (b) Rosenbrock function
6000 . : : . 7000 ; :
5000 - AN 6000 7 N
/ N e s ~
Do~ foenn - -\ Y S
1000 | TN | 5000 ,’,3\,/_5 :
& A =t 4000 - SN\ i
X 2 X A0
& 3000F -7 . 10 o
\“;‘:_\_ 'I’ / ﬁ__\ 3000 _ [l’:_.-*.’." A
20007 Riz3) 2000} J mzsh A
2 Gaussianizzy | | f§ Gaussianiz 3]
1000 - ththizz) 1000 —--dfkiEs
1 1 1 1 O 1 1 1 1
% 20 40 60 80 100 0 20 40 60 80 100
iz i

(c) Griewank function

(d) Rastrigin function

Bl 4 SEVPH OB B BB R R

Fig. 4 Relationship between the number of evalutions and the dimension of the functions
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6 45 (Conclusions)

85 W A= 0 e X 285 (1) A0 JEAE K 2 Agent I 5%
G PMEECR, Bih — P AR BT T I % P 4%
Z AgentfUAL L. O T RE s b PREF IR BT (1) 22 4L,
HER 0 A7 B AIREE N (M AL Af 047 &, A SCRH
T LUF I 8h B4k Hms: XU Agent P 48 45 14 . XL
A NS ASEERENS, I TR T
Yk 2 WA PR B4, BRI 40 8T T Dmaopt-aiNet5i.
LR A RS, S g BRI SR AE A B
m 4E S AL ) 8B AT RS AR, I e U
i 38 A7 B A RBP4k 1) 2501 e A0 e 1 A,
I AR R AR TN E. JIAh, ARSI HIE )
PEREAE THET, IF T SR E T LEEE 2
HON B A LR, G TR I 4
) ARAFNAE, 25 RK W, BEAE LA eR £l 4t i (1) 3
I, B PR IO IS AR 2. X Ti%H
VEIG T2 N BRI IT, TRt — BT RE.

£ % ik (References):

[1] JIN Y C, BRANKE J. Evolutionary optimization in uncertain
environments—A survey[C] //Proceedings of IEEE Congress on Evo-
lutionary Computation. New York: IEEE, 2005, 9(3): 303 — 317.

[2] MORRISON R W, JONG DE K A. Triggered hypermutation revis-
ited[C] //Proceedings of IEEE Congress on Evolutionary Computa-
tion. Piscataway: IEEE, 2000: 1025 — 1032.

[3] GOLDBERG D E, SMITH R E. Nonstationary function optimiza-
tion using genetic algorithms with dominance and diploidy[C] //Pro-
ceedings of the 2nd International Conference on Genetic Algorithms.
Hillsdale, NJ: Lawrence Erlbaum Associates, 1987: 59 — 68.

[4] SIMOES A, COSTA E. Using GAs to deal with dynamic environ-
ments: a comparative study of several approaches based on promot-
ing diversity[C] //Proceedings of the Genetic and Evolutionary Com-
putation Conference. San Francisco: Morgan Kaufmann Publishers,
2002: 698 —702.

[S] MORI N, KITA H, NISHIKAWA Y. Adaptation to a changing en-
vironment by means of the thermo-dynamical genetic algorithm[C]
//Parallel Problem Solving from Nature. Berlin: Springer Publishers,
1996: 513 — 522.

[6] YANG S. Non-stationary problem optimization using the primal-dual
genetic algorithm[C] //Proceedings of the 2003 Congress on Evolu-
tionary Computation. Piscataway: IEEE, 2003: 2246 — 2253.

[71 BRANKE J. Memory enhanced evolutionary algorithms for chang-
ing optimization problems[C] //Proceedings of the 1999 Congress on
Evolutionary Computation. Piscataway: IEEE, 1999: 1875 — 1882.

[8] BENDTSEN C N, KRINK T. Dynamic memory model for non-
stationary optimization[C] //Proceedings of the 2002 Congress on
Evolutionary Computatoin. Piscataway: IEEE, 2002: 145 — 150.

[9] BRANKE J, KAUBLER T, SCHMIDT C. A multi-population ap-
proach to dynamic optimization problems[M] //Adaptive Computing
in Design and Manufacturing. Berlin: Springer-Verlag, 2000: 299 —
308.

[10] OHSK,LEECY,LEEJ]J. A new distributed evolutionary algorithm
for optimization in nonstationary environments[C] //Proceedings of
the 2002 Congress on Evolutionary Computation. Piscataway: IEEE,
2002: 1875 — 1882.

(11 ARZE, R0, X055, 45, e Ao, 2% 23 53U M), Jbat:
Rl HIRAL, 2007: 316 - 325.

(JIAO Licheng, DU Haifeng, LIU Fang, et al. Immune Optimization,

Learning and Recognition[M]. Beijing: Science Press, 2007: 316 —
325.)

[12] GASPAR A, COLLARD P. Two models of immunization for time
dependent optimization[C] //IEEE International Conference on Sys-
tems, Man and Cybernetics. New York: IEEE, 2000, 1: 113 — 118.

[13] WALKER J H, GARRETT S M. Dynamic function optimization:
Comparing the performance of clonal selection and evolution strate-
gies[C] //Proceedings of the 2nd International Conference on Artifi-
cial Immune Systems. Berlin: Springer Verlag, 2003: 273 — 284.

[14] ZENTE, NS, dRUESR . LT Suse LB 0 3 2 R BUAL 530 ).
T A8 TR 2424 4], 2005, 39(4): 384 — 388.

(LUO Yinsheng, LI Renhou, ZHANG Weixi. Immune-based mecha-
nism of dynamic function optimization algorithm[J]. Journal of Xi’an
Jiaotong University, 2005, 39(4): 384 — 388.)

[15] FRANCA D, ZUBEN V, CASTRO D. An artificial immune network
for multimodal function optimization on dynamic environments[C]
/[Proceedings of the 2005 Conference on Genetic and Evolutionary
Computation. New York: ACM Press, 2005: 289 — 296.

[16] RUSSELL S, NORVIQ P. Artificial Intelligence: a modem Ap-
proach[M]. New York: Prentice-Hall, 1995: 375 — 382.

[17] B B, XU, 45, 28 Refkabiqt Sk A8 ke 200
1h[3]. HARRIERERE, 2005, 15(10): 1078 — 1083.

(ZHONG Weicai, XUE Mingzhi, LIU Jing, et al. Multi-agent genetic
algorithm for high dimensional function optimization[J]. Progress in
Natural Science, 2005, 15(10): 1078 — 1083.)

[18] HOEN P J, TUYLS K, PANAIT L, et al. An overview of coopera-
tive and competitive multiagent learning[M] //STYLS K, HOEN P,
VERBEECK K, et al. Lecture Notes in Computer Science: Learning
and Adaption in Multi-Agent Systems. Berlin: Springer-Verlag, 2006,
3898: 1-46.

[19] LAU H Y K, WONG V W K. An immunity approach to strategic
behavioral control[J]. Engineering Applications of Artificial Intelli-
gence, 2006, 6(2): 1 - 18.

[20] Zei o, SRR, B, 25, — K HATREIERE ) R0 OB A
LA P B ARAL SR, P BE 5 R H, 2009, 26(3): 283 — 290.
(LI Zhonghua, ZHANG Yunong, TAN Hongzhou, et al. An enhanced
artificial immune network with elitist-learning capability for opti-
mization problems[J]. Control Theory & Applications, 2009, 26(3):
283 —290.

[21] TROJANOWSKI K, WIERZCHON S T. Immune-based algorithms
for dynamic optimization[J]. Information Sciences, 2009, 179(10):
1495 - 1515.

[22] ANGELINE P J. Tracking extrema in dynamic environments[C]
/IProceedings of the 6th International Conference on Evolutionary
Programming. Berlin: Springer, 1997, 1213: 13 — 16.

[23] CASTRO D, ZUBEN V. Learning and optimization using the clonal
selection principle[J]. IEEE Transactions on Evolutionary Computa-
tion. Piscataway, 2002, 6(3): 239 — 251.

[24] CASTRO D, TIMMIS J. An artificial immune network for multi-
modal function optimization[C] //Proceedings of the 2002 Congress
on Evolutionary Computation. Piscataway: IEEE, 2002: 699 — 704.

[25] HERRERA F, LOZANO M. Adaptation of genetic algorithm param-
eters based on fuzzy logic controllers|[M] //Genetic Algorithms and
Soft Computing. Berlin: Springer-Verlag, 1996: 95 — 125.

Y4 A

HIRAE (1967—), L, FIZEZ, FEFIAECN T EA e R
JeHAE R BIRRAL H 1), E-mail: shixuhua@nbu.edu.cn;

% B (1961—), B, #d%, WA, BAE S, 8N
UMb RSk ) Ak S W 2 W N A BRI AR ol R A
FE AR Hh ) 8 F 4507 THI PO AF 9T, E-mail: fqian@ecust.edu.cn.



