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Abstract: Traveling salesman problem(TSP) has wide applications on optimization theory and engineering practice.
With the definition of discrete state variables and local fitness, we analyze the microscopic characteristics of TSP solutions
and present a novel self-organized optimization algorithm with extremal dynamics. In this algorithm, the local optimal
solutions can be effectively found by the optimization dynamics combining greedy search with fluctuated explorations.
Computational results on typical TSP benchmark problems in TSPLIB demonstrate that the proposed algorithm outperforms
competing optimization techniques, such as simulated annealing(SA) and genetic algorithm(GA). Since this optimization
method considers the micro-mechanisms of computational systems, it provides a systematic viewpoint on computational
complexity and effectively helps the design of optimization dynamics on a wide spectrum of combinatorial optimization
problems.
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1 5| (Introduction)
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2 [\l 83 R (Problem formulation)
2.1 FEEBIRY (Mathematical model)
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2.3 EARAR B 5O 4F A (Microscopic characteris-
tics of optimal solutions)
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Fig. 1 Distributions of discrete states and local fitness on

random and optimal solution (kroA100)
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3 HTAES AR B AR I (Self-
organized optimization algorithm with ex-
tremal dynamics)

3.1 tRME3h 1% 5 B 4 206 A (Extremal dynam-
ics and self-organized criticality)
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3.2 HAZAE K (Self-organized optimization

algorithm)

BT WA B0 1 A A UL A Vi (self-
organized optimization algorithm, SOA)H & i it U1
T

1) BEHL™ A —ANATATIES, AT AT R — 4%
i 7 B A T () BE LR A, B T I D0AF Spest = S

2) R HHTfRS:

1) VF A AR RS ST IR R O N, O 4%
Ja H8 3 R FE K EI /N HE 45 B30 R BIIT {7 (1),

.. 771-(]{)7... ’ﬂ(n)}, Epfﬂ(l) > ...fw(k)... >
Frny» WUSEE I JEE 5 KRR 117 2 1% 3 1) o R 5514 I8
EIPCINAE S RN R A DR AA 1 SN E HaTve

i) DA MERED, oc k7*(1 < k < n)ik$f
Wi (k), LA2-opt/m) #5482 1 77 U2 4k 326 b 4 it
PR, AR E AR ™ i — 1AW BE A i,
RIS RSB IAE S A N (S)| = n — 1;

iil) R YT AR G N (S) P T AT il 1) 4
BEAE L AN RIS, BA ST — T 3 A bR P o
s7(1 < s < |N(S)|) AR IR A A R I — AT
RS B RIS (S — S'); W F(S) < f(9),
WS AR BT Shest (Stest — S).

3) EEPATHLER), B2 L EER &,
TIE A CE s Is BN 1) 55, B B D0AR Spest.

EH T 20 BR2) (1) 2-opt ) 45 2R SR W A L0 ik
CF T () S 0 I R () [ N, 2 5 e 1) HAH B OG
G 1100 3k v 140 g 000 0 . PR L, i I A o R S AL
TBSHAL) H LI FEak £, A O3 2 5 A 1
I A ARy AT (B = S i M . 151 = I g B & N
4 SE 25 R 5 4y Pr(Experimental results and

analysis)

4.1 BT (Comparative analysis)

PRI ‘K 574 (simulated annealing, SA) /& Kirkpa-
trick 7E 19834F 4 H 1K) — SR A 41 S A0 A el /1) JE
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RGIR KIS, il BT R, RGN kLT B
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Fig. 2 Optimization process of simulated annealing
algorithm (kroA100)
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Fig. 3 Optimization process of genetic algorithm (kroA100)
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Fig. 4 Optimization process of self-organized optimization
algorithm (kroA100)
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() e 2 B0 2, T AN AL, T IRAT S0 A5 B A
AR )RR BENLECR. i B PR, A R R]
AP T S S 3 4 J) o U0 A B 30T, LA ) W ik 7% 1) 3))
AR 7 2l [ it 2 18] b 1) Je s pe AU e, f Ak
S YA SR B e T Wl v £ s 2 T A o a0 o
(42 0 2 e AT T, I R W) SR I AL PR RE XS
W S EAABACK BUEE, I 280 g A
ST IR A 2% FE (B X TSP 5 K B4 S04 M 4
REWa ~ 1+ 1/In(n), B ~ 3HHIL LU KHIMR
SRAFA R B R AANOL. e A, b TR I Y B T A
PRI A% ) 1) 7 A B AT 73 A U R AR, A ST AT B

B Ty M A FH AT R P S B
4.2 T 45 B (Computational results)

A SCAE FITSPLIBH [ A 74 7] 780 o IR SC H 45
R PERE, 23 ol B 9 D A ) A R B A ) A (]
AL ITSPSE B, BT A3 505 ACH++3E B, 1847 8 5%
JyPentium IV 2.80 GHz CPU, #4551 & 157 78,
SR SRR S A9 2 1 AR K N R P IZ AT 109K
P I AR, 38 512 % %oopt= (f—Fopt) / fopt 100%
TP EE e, I fRR B NIEAT 45
B, fope I RN AR B AR K E s IEAT I ] Tepy (5)H
SRR = SN LY R A &

%1 iHHEEREKR
Table 1 Comparison on computational results
TSP i FEHLE K pUi (AT AL
AR fopt f Jo0opt  Tcpy f Jo0pt  TCpU f Joopt  Tcpy

pr76 108159 108280 0.11 3 108213  0.05 31 108159 0 3

X kroA100 21282 21356 0.35 6 21327 0.21 65 21282 0 6
A tsp225 3919 3947 0.72 21 3935 0.4 212 3925 0.15 21
zs pcb442 50778 51271 0.97 126 51139 0.71 1011 51002 0.44 123
B pr1002 259045 262081 1.17 297 260992  0.75 2957 260597 0.6 315
pr2392 378032 387245 2.44 945 382617 1.21 5326 382612 1.21 912

gr24 1272 1272 0 1 1272 0 3 1272 0 1

izl gr48 5046 5057 0.22 2 5046 0 15 5046 0 2
& er120 6942 6991 0.71 11 6979 0.53 74 6951 0.13 11
75 sil75 21407 21603 0.92 25 21550 0.67 121 21425 0.08 25
1] si535 48450 48936 1 210 48721 0.56 1215 48559 0.22 197
si1032 92650 93490 1.01 450 93351 0.76 3102 92813 0.18 391

S5 25 v DU Y, SO R s
BH 50 T [RDRE S T AN i IR A FOLR K B[R] )
TER AR B B0 T2 TR st AL 55
.

5 458 (Conclusion)
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A B PO R s R S R R G I T B A Rt
T2, e T —Fh 5 T30 )% M B A LA
k. B AT S B 2 R W, A S R A R
SKAR R TR AL BE.

T SO EVE RGBT
GO0 A ) IR 5 2 M, I R AH N 1R B A A
IR, AT N T g3 B KR A AL LA Tl

@, G0 A 1) @ (knapsack problem). & % {1 n) @l
(graph coloring problem). i & ] # (scheduling pro-
blem)&5. 0 H A& o] #8514 AL FE P 7 I
1) JeyfBid I S 3 2) PR R s, SC P AL A
VLR H AT R S TR B s o, S 4K
PR TARR E 2B LU LA 1) Jry Pl . B2 F0
4 5y H bR R E ) — SOV 23 B 2) A 200 il
() FR) e g 15 3) kTR0 e SCIRD it 2% 1] 9 2% &5 44
I3 HT.
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