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Users » haoranyu » Documents » MATLAB » f - 4 f - 6
Command Window
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Book] Simulated annealing and Boltzmann machines: a stochastic approach to
combinatorial optimization and neural computing

E Aarts, J Korst - 1989 - dl.acm.org

Large combinatorial optimization problems (the most famous example is the traveling

salesman problem) are notably difficult because the number of feasible configurations grows

exponentially with the size of the problem. Algorithms exist that require fewer calculations

and find the optimum solution most of the time or a good suboptimal solution, but they are

hard to design and depend strongly upon the problem. A stochastic (ie, Monte Carlo)

approach is an attractive alternative, for the same reasons that such an approach is applied ...

Y% Save Y9 Cite Cited by 5706 Related articles All 8 versions 99




LEVS PR

(EPBEYE R E S Sy N AT
0 %ﬂﬁﬁ'ﬂﬁﬂ:ﬁﬁﬁﬁ?‘xcurrent

1 for t=1 to oo:

2 FRAEIREE T REMINFIC, B8 5E 24 e T
A 1=0, ZIR8Y, il Xcurrent
FEMLZEFE— > B X eighbor

HHAE = f(*neighbor) — f (Xcurrent)

%‘AE >0 5 l}!u/?"\xcurrent < xneighbor
» AE 27
%P‘AE <0, ﬂlﬂue /TH/‘J)FE/%Z{A/?"\xcurrent < Xneighbor

~ & U B~ W

TR R E AN BER?




LEVS PR

BEtR KR GRS ALIRE)

0 %ﬂﬁﬁ'ﬂﬁ ﬂ:Zl ﬁﬁﬁ?‘xcurrent

1 for t=1 to oo:

2 ARYEIREE T RERUNAN, B Y AR BT

w5 1=0, 2B, B X current
FEALIZESE— A 4RI X eighbor

WHAE = f(Xneighbor) — f (Xcurrent)

HAE >0, M4 Xcyrrent < Xneighbor

HAE <0, M PLe™/THIMEZE A X current © Xneighbor

~ & U B~ W

—. BIFEE: RELBRUMESIE KL EErEE RS A s
PLl—/N R RBEER (100.98) HiEEMH




EPSEPE RS

—. BIRERE: TELW R CLER A R =60 2= i W sliE AR e
PA—AN 55 R I R AN

#HAE <0, muueAE/TE/‘JwE%/?"\xcurrent < Xneighbor




EPSEPE RS

—. BIRERE: TELW R CLER A R =60 2= i W sliE AR e
PA—AN 55 R I R AN

#HAE <0, muueAE/TE/‘JTEE}g/?"\xcurrent < Xneighbor

To=(-FTA“T "BE3R 1 B & T R R BT 291E) /In(FZA 2 HHR)
v
TE SE B =P FHE A7 22 18] _E ) RE AL 30 28 A 9 2% 50 B

BA TN (WNEIRD) ZRlAFESGE, WRERHRRE T P EN
KIELH, EPEAEERMPEEHIBR (HLAEET1) KEiEE



EPSEPE RS

—. BIRERE: TELW R CLER A R =60 2= i W sliE AR e
PA—AN 55 R I R AN

— Temp=100
— Temp=90
- Temp=80
~—Temp=70
—— Temp=60
~— Temp=50
Temp=40
—— Temp=30
— Temp=20
— Temp=10

P 4 5-

o 0.25 -

€ = ==000 TO0 = T

5=}

-200 -180 -160 -140 -120 -100 -80 -60 -40 -20 0
Delta

Initially temperature is very high (most bad moves accepted)
Temp slowly goes to 0, with multiple moves attempted at each temperature
Final runs with temp=0 (always reject bad moves) greedily “quench” the system

J B H Scott Hauck <UW EE 541: Automated Layout of Integrated Circuits>



LEVS PR

BEtR KR GRS ALIRE)

0 %ﬂﬁﬁ'ﬂﬁ ﬂ:ll ﬁﬁﬁ@xcurrent

1 for t=1 to oo:

2 ARYEIREE RN, B S AR ET

HT=0, ZIEED:, ¥l Xcurrent
FEMLZEFE— > B X eighbor

WHAE = f(Xneighbor) — f *current)

HAE >0, M4 Xcyrrent < Xneighbor

AE <0, I Lhe™ /TRER A X current © Xneighbor

~ & U B~ W

. BEIE: TEMENEE




EPSEPE RS

:\ B&ﬁﬁﬂ:

(1) BERE
W RIUTER: T, = Tyak (a—fHL0.850.992 7))
AINEE L. N EBOERE R FEE

(2) BMRETHITHRRE (BMNEETAILE—RBEZR)
REMREFMRE T, S80I B RBE R e FEp Lk # 2]

The value of nrep is often related to the size of the neighborhood, and may vary from
temperature to temperature. For example, it is important to spend enough time at low
temperatures to ensure that the regions around a local optimum have been fully explored.
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» proposal mechanism: uniform random choice from A
2-exchange neighbourhood; 7 AR

» acceptance criterion: Metropolis condition (always accept
improving steps, accept worsening steps with probability

exp [(F(s) — F(s")/T1): v %t AT s I J 2 B /DA, I A

» annealing schedule: geometric cooling T :=0.95- T with vE
n-(n—1) steps at each temperature (n = number of vertices AR
in given graph), To chosen such that 97% of proposed steps  [%j5 i1 2
are accepted;

> termination: when for five successive temperature values no S % Al
improvement in solution quality and acceptance ratio < 2%. A

]+ B¢ H Thomas Stutzle, Heuristic Optimization 2014
e
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https://www.fourmilab.ch/documents/travelling/anneal/

Simulated Annealing
The Travelling Salesman Problem

/ o o

..
-
~_
\

/
\ / /
/
.l\ ﬁ\
x P
,.‘ |
\
\
v-il -
(50_Jcitis
[Minimise ] path length River cost[0 |
Trace solution O TSPLIB tools
Temp = 0.054709 Cost = 7.047613 Moves = 200
Temp = 0.049239 Cost = 6.673530 Moves = 155
Temp = 0.044315 Cost = 6.827257 Moves = 145
Temp = 0.039883 Cost = 6.470156 Moves = 137
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In order to test the simulated annealing algorithm on this problem, we
first build an instance of the problem by randomly generating 100 objects
for which the weights have also been selected randomly between 1 and 100
with a uniform probability density function. For this instance, the capacity
of the bag is set to P = 2000. We choose u = 1 for the penalty parameter and
we apply the basic SA algorithm with the initial temperature set to a value
of ¢o such that y(c) = 0.8, a geometric cooling schedule with o = 0.995,
and L; = 1,000 for every iteration k. The algorithm is stopped when the

Co

temperature reaches 1,000

{5l B § Delahaye, et al, “Simulated annealing: From basics to applications”
e
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Albert Einstein

Original 2K generations 10K generations 50K generations

B nesumcs——ETRAR (by Fréderic MARQUER)

https://www.bilibili.com/video/BV1js411r7NK?from=search&seid=14798324289557359101



https://www.bilibili.com/video/BV1js411r7NK?from=search&seid=14798324289557359101

METH IS FH...

H—IF

EES ABRSUPE il [10438h 53k ] SR SE-1 7 MIZh Hi / Genetic Algorithm




AT FFERT ST €
B

ARUpig:

BB HBREUPE EiLR” (10580 L] BALHIL- 07 M3 H / Genetic Algorithm
o e



10

1 0 [1 |1 ﬂﬂ-ﬂ 11 Py T

I AR TA

BB ABREUPE il E” [10433h 53k ] SR E- 7 AIZh H / Genetic Algorithm




11 lo o




10 5

0 0 |10

. CHENENE  ENENDNON = 7 xsd 80515, 3




H—IF

ARUpig:




H—IF







=000 UCARS

LATER







A

O WIS L RIFHREP (¢) BTN
U PPAE G RIPAEEP (8)  THEEE AR AR N [ B A BR U

2 for t=1 to oo:

3 ARIEZHIPHEEP (), Bl SAPREPE (6)

RGP (6) . BId BRI AT AP (O g iR BB
AR Pe (6) A TR A 52 4% EANKRIETA
PEAG TP (0)

AR FTAPREP (O AP HEPC (€ . J7d Hi B Y 4 R BREEP (¢ + 1)
REREEINE S oo S R T Iy S RPS

o 4 & U1 K~




A

0 HIEBAL S FFPREP ()

1 PP 4 BRRREP (6)

2 for t=1 to co:

3 IRIELEIFVREP (L), BHEAMREL () WfaidkHE?
FRABACAFHEPp (£) , 18 58 R 88 AR Jl PP REPC (2)

X FAPIREP (6) BEA T 25 A R A2

PEAl - APPREPC ()

ARG L RTAPHREP (O F1-FAUBIREP (£) . e BB 9 S BT RRAEP (¢ + 1)
R EPEIAL LS, i 2 M G Rk

o 4 & U1 K~




CAFEZhEe A B0 07 A BUE TV, IR+ R E L TR R E

AR E=3
RBHFE=1 — A
fECHIRE =2 3/6 =50% | 2/6=33%




A

0 HIEBAL S FFPREP ()

1 PP 4 BRRREP (6)

2 for t=1 to co:

3 ARIEHATIPREP (£) . B ESCHBIREPR (6)
FRABACAFHEPp (£) , 18 58 R 88 AR Jl PP REPC (2)
X FAPIREP (6) BEA T 25 A R A2

PEAl - APPREPC ()

ARG L RTAPHREP (O F1-FAUBIREP (£) . e BB 9 S BT RRAEP (¢ + 1)
R EPEIAL LS, i 2 M G Rk

SeHCX CFF /REDL)
HEITHERERX

o 4 & U1 K~




FH A X

FEHLAI — s, BERFI 0 RME, ARG EE 75

parents

children

& /B 5 A.E. Eiben and ].E. Smith, Introduction to Evolutionary ComputingiffF
o T



HEERRZX (FHEBRED

ZRIEX

S— e ol ol Bt o Bt e il b i o o [t il B el et —

children - ) ] children

& /B 5 A.E. Eiben and ].E. Smith, Introduction to Evolutionary ComputingiffF
o T



A

0 HIEBAL S FFPREP ()

1 PP 4 BRRREP (6)

2 for t=1 to co:

3 ARIEHHETAREP (£) . BAESCAPIEEPR (6)

FRABACAFHEPp (£) , 18 58 R 88 AR Jl PP REPC (2)

X FAPIREP (6) BEA T 25 A R A2

PEAl - APPREPC ()

ARG L RTAPHREP (O F1-FAUBIREP (£) . e BB 9 S BT RRAEP (¢ + 1)
R EPEIAL LS, i 2 M G Rk

o 4 & U1 K~




H R RAR

TREE 77 /A~ R AL Pl p B3R R 3R

parent ) o 0 e o

child

& /B 5 A.E. Eiben and ].E. Smith, Introduction to Evolutionary ComputingiffF
o T



#l¥

Hir: WEE{0,1,... 31} FE— MM s K
« EREFREN: Fli0 01101 & 13
- BRERERNNH: 4
« ¥IIRME: BENLIAEAL
o EFEARFEN BEENMRE: ¥R
- BERRTX: BAVIFEEFF]. #ITEX
- BRRE: FNMERU—EMBN0ZN1EA1ZE N0

#]+FE 5 A.E. Eiben and ].E. Smith, Introduction to Evolutionary Computingif{
o T



@J% Hir: MESE{0,1,...,31 1k F— BT xR K
- EREFARENR: Hlino01101 o 13
. - HRERMBHINE: 4
- VIUGfE: FENVLRIZELL
- EFEARFEXNBHENMF: I

String Initial |z Value| Fitness |Prob;|Expected|Actual
no. population f(z) = 2 count | count
1 01101 13 169 0.14 0.58 1
2 11000 24 576 0.49 1.97 2
3 01000 8 64 0.06 0.22 0
4 10011 19 361 0.31 1.23 1
Sum 1170 1.00 4.00 4
Average 293 0.25 1.00 1
Max 576 0.49 1.97 2
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Hir: MES{0,1,..,31}F EF—H AR
- RETX: BELAUIFRERERFES. #HITREX

String Mating |Crossover| Offspring |z Value| Fitness
no pool point |after xover f(z) = x*
1 01101 4 01100 12 144
2 1100]0 4 11001 25 625
2 11]000 2 11011 27 729
4 10011 2 10000 16 256
Sum 1754
Average 439
Max 729




%J% Hir: MEA{0,1,.. 31 FE— NN x2Hm K
. BT, ML bl — RN 0B R O

String | Offspring Offspring |x Value| Fitness
1no. after xover|after mutation flz) = x*
1 01100 111100 26 676
2 11001 11001 25 625
2 11011 11011 27 729
4 10000| 10[Lo0 18 324
Sum o 2354
Average 588.5
Max 729
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Tech With Tim — AI Teaches Itself to Play Flappy Bird — Using NEAT Python!

https://www.bilibili.com/video/BV1tE411E7rF?from=search&seid=4747312751760522082
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WE TEST EACH OF THESE
NETWORKS AND EVALUATE THEIR
FITNESS (HOW WELL THEY DO)
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Evolving Neural Networks through
Augmenting Topologies
32145 H&E

Kenneth O. Stanley kstanley@cs.utexas.edu
Department of Computer Sciences, The University of Texas at Austin, Austin, TX
78712, USA

Risto Miikkulainen risto@cs.utexas.edu
Department of Computer Sciences, The University of Texas at Austin, Austin, TX
78712, USA
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N 2 HX H Tech With Tim#L3 Al Teaches Itself to Play Flappy Bird - Using NEAT Python!
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Rosenbrock Function

Minimize f(x1,22) = 100(z2 — 23)? + (1 — 21)?,
bounds —5 <ax; <H5and —5 < axy <5,
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$|FHX B Deepak Sharma (IIT Guwahati) Evolutionary Computation for Single and Multi-Objective Optimization
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(binary-coded genetic algorithm)

AR IS

LA IS

(real-coded genetic algorithm)
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parents i
A Y [l el falefefalofafa e 4] 15— S| X
SBX (simulated binary crossover)
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Rosenbrock Function

Minimize f(x1,22) = 100(z2 — 23)? + (1 — 21)?,
bounds —5<x; <5and —5 < xy <5.

log(f)
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@ Optimum solution is 2* = (1,1)7 and

fla®) =0
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SERG 8 A% LY
SEh a5t %
Rosenbrock Function

Iﬁm%&mﬂﬁﬁﬁ (HIN=8) Minimize f(x1,22) = 100(z2 — 23)? + (1 — 21)?,

bounds —5 < ax; <5and —5 < axy <5,

Initial population

Index Ty L9
1 2.212 - 3.009
2 —2.289 —2.396
3 —2.393 —4.790
4 —0.639 1.692
5 —3.168  0.706
6 0.215 —2.350
7 —0.742 1.934
8 —4.563  4.791
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SERG 8 A% LY
SEh a5t %
Rosenbrock Function

iﬂzﬁrmﬁﬁﬁ}ﬁﬁ Minimize f(x1,22) = 100(z2 — 23)? + (1 — 21)?,

bounds —5 < ax; <5and —5 < axy <5,

Initial population
Index T xo  fa1.29)
1 2.212 3.009 357.154
2 —2.289 —2.396  5843.569
3 —2.393 —4.790 11066.800
4 —0.639 1.692 167.414

5 —3.168  0.706  8718.166
6 0.215 —2.350 574.796
7 —0.742 1.934 194.618
8 —4.563  4.791 25731.235
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Initial population Mating Pool
Index T ry  f(a1,22) Old index New index i3] xy  f(xy,29)
1 2.212 3.009 357.154 7 1 —0.742 1.93 194.618
2 —2.289 —2.396  5843.569 4 2 —0.639 1.692 167.414
3 —2.393 —4.790 11066.800 3 3 —2.393 —4.790 11066.800
4 —0.639 1.692 167.414 | 4 2212 3.009 357.154
5) —3.168 0.706  8718.166 1 5t 2.212 3.009 357.154
6 0.215 —2.350 574.796 2 6 —2.289 —2.396  5843.569
7 —0.742 1.934 194.618 7 7 —0.742 1.934 194.618
8 —4.563  4.791 25731.235 4 8 —0.639 1.692 167.414
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{5 — 7351 3 K A& X SBX

B>1

it 2 A 2 R AT OB A AR A4 ?
| ! |
Pi | P2
! o1 = T—358(p2—p1)
T ] B AR AL l | | | | 02 = T+ 58(p2—p1)
P o o, p
B<1 o ! o where, & = 5(p1 + p2) and p2 > p1.
PR [
TR 5 A || 5 ||
0; Pi1 ! D2 0,



0= =— 53(p2—p1)

{5 —33E 1] 32 K1 28 X SBX
v+ 56(p2 — p1)

SR, TUEBAARHEENNTR (EMEESIHE)
B/E A BUE? |

DO —bo

where, = = %(pl + p2) and p2 > p.

B>1

P1 : b>
!
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B <1 P 04 | 0, P>
|
TAA | i |
B=1 2y l Pz
srzmorn E ||
0; Pz ! P> 0,



4

17 — 18 5 BRI 32 X SBX .

:i—l—

B(p2 — pl)
(Pz - Pl)

l\.;l)—ll\.;l»—-
O\J [y

09

where, 7 = %(pl + p2) and p2 > py.

@ Probability distribution function: I ]
| 0.5(n. + 1)k, if 3 <1 £l :
p(3i) =14 o. 5(ne + l)ﬁ otherwise. ‘% ' | ]
@ 7). is the SBX crossover operator L % |
distribution factor that is set by us. 05 = : \\‘;‘\“»j : L

A TR o
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MEFE SO VR RO X FE5H A

Initial population Mating Pool
Index T ry  f(a1,22) Old index New index i3] xy  f(xy,29)
1 2.212 3.009 357.154 7 1 —0.742 1.93 194.618
2 —2.289 —2.396  5843.569 4 2 —0.639 1.692 167.414
3 —2.393 —4.790 11066.800 3 3 —2.393 —4.790 11066.800
4 —0.639 1.692 167.414 | 4 2212 3.009 357.154
5) —3.168 0.706  8718.166 1 5t 2.212 3.009 357.154
6 0.215 —2.350 574.796 2 6 —2.289 —2.396  5843.569
7 —0.742 1.934 194.618 7 7 —0.742 1.934 194.618
8 —4.563  4.791 25731.235 4 8 —0.639 1.692 167.414
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Initial population Mating Pool
Index T ry  f(a1,22) Old index New index i3] xy  f(xy,29)
1 2.212 3.009 357.154 7 1 —0.742 1.934 194.618

2 —2.289 —2.396  5843.569
3 —2.393 —4.790 11066.300
4 —0.639 1.692 167.414
—3.168  0.706  8718.166

0.215 —2.350 574.796
—0.742 1.934 194.618
—4.563  4.791 25731.235

2 —0.639 1.692 167.414
3 —2.393 —4.790 11066.800
4 2.212  3.009 357.154

2.212  3.009 357.154
—2.289 —2.396  5843.569
—0.742 1.934 194.618
—0.639 1.692 167.414
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SRR I

(binary-coded genetic algorithm)

AR IS

LA IS

(real-coded genetic algorithm)

[o]o]o]

parents i
A Y [l el falefefalofafa e 4] 15— S| X
SBX (simulated binary crossover)
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SRR I

EBTHRER: SENEFEEINERN V(0,0) BHFHoAHEIRE,

RIEEW R . B AR EZECEHI RTHEE ( ED%E@ R4
BE+oEEAD

@ Simple and popular method is to use a zero-mean 04
Gaussian probability distribution: I e

g =2 4 N (0, 0y)

1

Probability density

@ 0; is a fixed user defined parameter. It must be set
correctly in a problem.

@ Special care must be taken to respect boundary L e
limits on decision variables. '
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izl [REFIE+ L]

m https://www.bilibili.com/video/BV14T4y1v7Cx/?spm id from=333.337.search-card.all.click
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https://www.bilibili.com/video/BV14T4y1v7Cx/?spm_id_from=333.337.search-card.all.click
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Delahaye, et al <Simulated annealing: From basics to applications>

K. A. Dowsland, J. M. Thompson <Simulated Annealing - Handbook of Natural Computing>
Scott Hauck <UW EE 541: Automated Layout of Integrated Circuits>

Thomas Stutzle <Heuristic Optimization>

Frédéric MARQUER <Reproduce image with genetic algorithm> Video

Bk “AEILIA" <1046 P13k M ST

A.E. Eiben and J.E. Smith <Introduction to Evolutionary Computing> Slides

Tech With Tim <AI Teaches Itself to Play Flappy Bird - Using NEAT Python!> Video

Deepak Sharma (II'T Guwahati) <Evolutionary Computation for Single and Multi-Objective
Optimization> Slides
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