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A Development of SDS Algorithm for the Improvement of Convergence
Simulation

*Young J. Lee, Yong H. Jang and Kwon S. Lee
Dong-A University. Pusan, Korea

Abstract - The simulated annealing(SA)
algorithm is a stochastic strategy for search of
the ground state and a powerful tool for
optimization, based on the annealing process
used for the crystallization in physical systems.
It's main disadvantage is the long convergence
time,

Therefore, this paper proposes a stochastic
algorithm combined with conventional
deterministic optimization method to reduce the
computation time, which is called SDS(Stochastic
-Deterministic-Stochastic) method.
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7] $l&e HITol ®%& Global Random Search
Techniqueo]l AXHA L, {3 A3 E(Genetic
Algorithm, GA)Y = Algdolg= o d % (Simu-
lated Annealing, SA)Y % Tabu Search(TS)%} %
& 2883 g498(Stochastic Search Method)
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(Stochastic-Deterministic-Stochastic method, SDS)
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2.1 NE8olel= ojdd

sA¥ Y sy EYE orFd 2EH(metallur-
gical annealing)®] FAMH2RE AFRHAG. F,
annealingel @& A E2TodM nAE 71Ed4
nAel 2E B AFEA 2 A=A o
e oA A MME LEE Wy WY
EE 27} lattice® low energy ground stateo]
7AgA A A7 He @4 3]

o]z}t SA¥el 71E 7HE-2 Nicholas Metro-
polis, Arianna Rosenbluth®el <aiA 19533l
Aot o)F 5L zt BAEY Aizgoz o
2ojx Bdo e 2 EA4E =AY
% glE Monte Carlofiel B4E 7HHL22AM HF
HYrh. Alag JUAE FLHANE AR B
AL ouix] Wste] F2H A (localized pro-
cess)o 2 gokd 4 ged, 2 MEde dogE A
gy Aae] dRES e dAHLE 9
A F gitke Aotk o WEHIE HA(EIAN2E
Yx A wio] ztutd 1 ¥3st wolsdy
3, o] Wayt A(Z)Aa" AU HHE 2ol
¥ o] #Mzte Bx% $EZ Foi HEP
yolgd i, L£E5E AAME WetEAs #E
ol tholubE A(dynamics)E AR H2HE
FHYslE SAYS ten gol 84E & U
3L

Set x¢ : initial solution

Ts © initial temperature
Crt : terminal Criteria

Loop :

@D perturb x to make a candidate solution Xy :
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@ if CyCi, set, xi—x,
else <C, > C>
prob (xi<-x,) = exp{-(C,-C)/T}] :
O decrease T; :
set X1 < Xj
1 o« i+l

until Crt is satisfied
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2.3 8Ds YIS
2E H¥3 wy stz s see
ZE Wt} x7] PR FoiA B B
$AE, el AHE 5 T2od 20 Fojxs
detulele x71gel dge vn AT 3, Fo
27139 d9e 8% 2= 59

e 7
7

& AR Mg F& FLE ol ¢l @R,
+8e F2  AWUnwition)®  AFA X A(Prior
Knowledge)el 24l oj&stz glch o] &Jolx F7)
2 g2ule FH(Cyclic Parameter Estimation).

4% g (Linearization), ZA ¥ 4(Grid Search)$% ©|
ATk F, drEY wyhez ZI|F HAAHL =
Ao gloje Aoz AbAR A &E $ur

1 §ln 7R 8% wde ddy EAE 2o
5k A (Simpler Problem)Z ut ¥ 271gte
ol du A9 27z AMEsE RAolth
a8y, BE A o] otelroiE HE3E AA
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253 9irt,
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Zolel o] %7]|g(Initial Guess)dl g ZA 83 =
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initial Parameter Estimate

.
Application of
Stochastic Algorithm

onvergence
obtained?
A
o

X
@1 Yes i step 1l

" Minimize Objective Funciton
by Deterministic Algorithm

Yes

1Y 1. SDS gneEe EErlojelad

Hrg SDSY R EL IA ARELE FAH
o] god, 9 I& o= &7z ttdME W
AR e BEEY 4ndES FE39 499
Z71Go2RE o AE FHA2H R2A Y HE
T, a8y, o] Uy ALEHEL HaH 24
ANA AHG do ANE 8Fd2E DT ©&
o] 228t ZEZ GANNME s vAdg
gh4=(Multivariable Nonlinear Function)d] A 4&
7] 9389 Fletcher®} Reeves¥ad &3 o)
Steepest Descent® # Conjugate Gradient® %ol
o}sled Al wrE(Direction of Search)o] Z % o]
g S FAZoEAN HA2HE Fev a8,
o714 2& ol HAZH(Global Minimum)e] &7
B F43(Local Minimum)e] o5& $71 9doh
z3eg, ¢4 MedXeE 3423 2o & odux
29 o]%& B3ld HAHE FortxE

T, B dndFdMde HirHd =23 %
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AY F2E ZFAsE 71%(Termination Criteria)
o824 tge F 238L AT

1) A AA FrzAoczE Ad i Relatve
Error)& ol&8don, dajol zrgtogye &
23 FENARY oj% g AF T2 X (DA
DAME AXRE AT, FLEE ZolrteE g
M Me JAGE ZA sy AlbAojeles AAH
ZdoM HIHNZE g ad,

2) Successful Move($88HA d4:71 HA =
o ol4e Wyt dojuir gEtin AR E A
71)& & Fitness Test® F WA Z2E5z7A22 3

&3t

2.4 A|EFO[M A Y £9]
2 =EdAe 3y ¢ g
A B REEE Jhale AA FHAEAA SDSY Y
&g HEAA Bud A4 dd$eaE 200
500 [MWIz slges, 348 2d
9 A L NERHBES K1 2o

g

B L Z 2y vsddse Asd Adzd g
a b C min max
G1 | 0.0023 8.67 173,61 100 350
G2 10.00238 1 9.039 180.68 30 280
G3 1 0.00235| 9.19 182.62 10 150

WA, SAY HEA TEEEE M2 A 7 JeiA
e 92A% 2 RIXESFY dFo] Wyl £
oH56).  HWEd, ¥ =2dAdE mfEdold
(Cauchy training)® 24 B Z ¥4+ (Cauchy
distribution function)& Atgstgew, o ANE
Lagranged] v]lAAF¥os F3 HAAgs vzs
o Holth E2& SDSE 3§ Aol HyE:
Hg Lagrange Pl ASE s Py slws
Hod, F3& 74 HIFFgd W H4 vLde
&g vZstdd

E 2 7 LAVl HHEHEg v

Lagrange
Difé AT
200 300 500 | 200 | 300 | 300
(G11131.9228{165.9077233.649 | 131.8 {165.76:233.65
G2 499053 1825152 |148.280 | 49.85 | 82.67 |148.28

G3 18.1?1ﬂ51.5770 11804 1835 51.6 |118.04

SDS

£ 372 23520 U wA NS5 v

5DS Lagrange ©| 8 A %%
200 2345.506 2345.506
300 3280.9435 3281.2257
500 5158.381 5198.3809

3. 8 B
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d&T gt s TEsld 2 =8
Z) ekgro}, xpFo oF 100 ojAbe
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